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Optimizing nitrogen (N) fertilizer applications in corn to reduce environmental 
impacts while maintaining producer profitability remains a challenge due to spatial and 
temporal variability in crop yield potential and soil N dynamics.  In response to these 
challenges, active crop canopy sensors and imagery systems have been studied to test the 
performance of vegetative index-based N management, but adoption has been low. There 
is also a lack of field-scale research evaluating this technology in water-limiting 
environments.  
The evaluation of two sensor-based N management techniques was completed at 
nine non-irrigated sites in Eastern Nebraska. The first sensor-based N management 
technique evaluated an active crop canopy sensor and Holland-Schepers model to direct 
real-time, in-season N applications on corn. Compared to growers’ management, active 
sensor management improved N use efficiency (NUE) by 16.8±8.4 kg grain kg N-1 and 
reduced N fertilizer inputs by 38.7±20.8 kg N ha-1. All sites resulted in less N applied 
than the growers’ management. Two of the nine sites resulted in significant yield losses 
compared to the sensor-based management with an average yield loss across all sites of 





the growers’ practices. Early season base N rates and timing influenced the NUE of 
active sensor N management approach. 
The second sensor-based management technique utilized aerial imagery and the 
Holland-Schepers model to develop variable-rate N prescriptions for in-season 
applications. The approach incorporated sub-field yield potential by varying the 
estimated optimum N rate used in the algorithm based on management zones (MZ). The 
aerial imagery-based management improved NUE compared to the growers’ current 
management by 23.6±15.3 kg grain kg N-1 and did not result in differences in partial 
profit. The integration of MZs influenced the total N applied and demonstrated the 
potential to improve imagery-based recommendations using spatial field data. 
Overall, compared to grower management, active sensors improved NUE in non-
irrigated sites where rainfall is a yield limiting factor. Aerial imagery-based prescriptions 
also improved NUE compared to grower management and provided an opportunity to 
further refine sensor-based management to account for sub-field variability by 
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CHAPTER 1: A REVIEW OF CURRENT LITERATURE 
Introduction 
Nitrogen (N) management has been extensively researched for over half of a 
century (Holland and Schepers, 2010). This research has primarily focused on 
methodology to minimize losses, optimize yield, and profit by better estimating the 
optimum N rate for a field, or ideally, within a field. The challenge of N management, 
and the justification behind this extensive research, is this optimal N rate varies both 
temporally and spatially and is influenced by dynamic interactions between soil and 
water (Mamo et al., 2003; Scharf et al., 2005; Shanahan et al., 2008). The demand for 
site-specific nutrient management to address this spatial and temporal variability is only 
going to increase with the progression of agriculture. Preserving natural resources is 
becoming a greater priority to producers; N research needs to focus on reducing N impact 
on groundwater and environmental quality (Cassman et al., 2002; Knox and Moody, 
1991). Additionally, the economic conditions of many agricultural producers are 
encouraging the adoption of the most efficient practices to save money on crop inputs 
(Lory & Scharf, 2003; Zhang et al., 2015).  
N is essential to corn growth; however, over-application of N can cause economic 
and environmental concerns. Improving N management has become a priority in 
production agriculture to protect natural resources and improve profitability for 
producers. Identifying and applying an economically optimal N rate (EONR) is a 
challenge in agriculture, especially in rainfed sites of Nebraska where variable rainfall 
creates high temporal and spatial variability. The metric to evaluate the success of 





environment is referred to as nitrogen use efficiency (NUE); measuring the amount of 
crop produced compared to the amount of N applied (Dobermann, 2007). NUE quantified 
in this study is a comparison between the N applied by synthetic fertilizer and the grain 
yield (kg N/kg grain). Another common performance indicator for NUE is Partial Factor 
Productivity (PFP) (kg grain per kg N fertilizer) (IPNI, 2014). Of the nutrients in a corn 
production system, N is the most challenging to manage due to high crop demand and 
environmental interactions leading to N loss. The objective of an accurate N application 
system should be to supply the deficit between the N available in the soil to crop N 
demand (Morris et al., 2018). 
The cost of over-application of N fertilizer to the environment has been 
demonstrated through hypoxia in the Gulf of Mexico and Chesapeake Bay and the 
Raccoon River lawsuits in Iowa (Franzen et al 2016). Several states across the U.S. and 
national agencies are working to regulate conservation practices and nutrient applications 
to reduce impacts on the environment (Hall 2016). Specifically in Nebraska, a major 
concern is nitrate (NO3
-) contaminating groundwater to an unsafe level for drinking at 
concentrations greater than 10 mg NO3-N/L.  There has been a gradual increase of 
groundwater NO3
- over the last several decades attributed to the over-application of N 
fertilizer (Schepers et al., 1997). The most recent analysis of NO3
- concentrations in 






Figure 1: Concentration of nitrate in groundwater wells from 1974 - 2012 (Nebraska 
Department of Environmental Quality, 2013) 
 With these challenges, the use of technology has the potential to improve NUE 
and profitability for producers in corn production (Shannon et al., 2018). The use of 
management zones is not a new concept from landowners’ personal experience to adjust 
inputs in specific areas; however, the use of high-resolution data layers and software 
programs to merge these layers has improved the accuracy of site-specific management 
(Fleming et al., 2000; Roberts et al., 2012). N models such as Maize-N (Setiyono et al., 
2011) and Adapt-N (Sela et al., 2016) better account for the N credits and environmental 
interactions to make specific recommendations of optimal N rate. The use of active 
canopy reflectance sensors has made it possible to use vegetation indices as indicators for 
N demand for on-the-go variable rate N applications (Raun et al., 2002; Scharf et al., 
2002; Shanahan et al., 2008).  
 The following review of literature will further explore current methodology to 





systems, the challenges of N management on rainfed sites in Nebraska, and how the 
integration of management zones, N models, and canopy sensors is beginning to address 
these challenges.    
Nitrogen Management Algorithms in Corn Production 
For N recommendations, yield-goal based tools are widely accepted due to their 
ease-of-use; however, they may result in high environmental costs (Ransom et al., 2020). 
Furthermore, using an average yield from multiple years of data, which is a common 
practice, presents challenges from temporal variation for optimizing NUE (Sawyer et al., 
2006; Dhital and Raun, 2016; Rodriguez et al., 2019).  Yield predictions are difficult in 
Nebraska rainfed sites due to the temporal variability of crop water stress (Sibley et al., 
2014). However, yield alone cannot predict the optimal N rate for a site; there is a 
dynamic soil and water interaction with N inputs and losses that also influence the soil N 
availability for crop uptake (Scharf et al., 2002). The addition of N through fertilizer 
applications can also influence other aspects of the cycle such as increasing N 
mobilization, referred to as the priming effect, which may need to be considered in N 
systems (Morris et al 2018). Soil N can come from a variety of sources- previous 
fertilizations, crop residue, atmospheric deposition, organic matter, and microorganisms- 
making estimating and forecasting of N availability challenging. In addition, N can be 
lost through many avenues including leaching, denitrification, soil organic matter 
incorporation, clay mineral fixation, or volatilization (Raun and Johnson, 1999).  
The University of Nebraska has created a N recommendation algorithm based 
upon the yield goal and N credits to account for these other N inputs and potential N 






-, previous crop, and adjustments for the application timing and current commodity 
prices (Eq. 1.1).  
𝑁 𝑟𝑒𝑐𝑜𝑚𝑚𝑒𝑛𝑑𝑎𝑡𝑖𝑜𝑛 (𝑙𝑏𝑠/𝑎𝑐)  
=  [35 +  (1.2 ×  𝐸𝑌) – (8 ×  𝑁𝑂3
− 𝑁 𝑝𝑝𝑚) – (0.14 ×  𝐸𝑌 ×  𝑂𝑀)–  𝑜𝑡ℎ𝑒𝑟 𝑁 𝑐𝑟𝑒𝑑𝑖𝑡𝑠]  × 𝑃𝑟𝑖𝑐𝑒𝑎𝑑𝑗  
×  𝑇𝑖𝑚𝑖𝑛𝑔 𝑎𝑑𝑗 
where: 
 
EY = expected yield (bu/ac) 
NO3-N ppm = average nitrate-N concentration in the root zone (2–4 
foot depth) in parts per million 
OM = percent soil organic matter (with a minimum of 0.5 and a 3 
percent maximum) 
Other N credits = include N from previous legume crop, manure and 
other organic material applied, and irrigation water N. 
Priceadj = adjustment factor for prices of corn and N 
Timingadj = adjustment factor for fall, spring, and split applications 
 
 
Another common method for N recommendations in the Midwest is the maximum 
return to N method (MRTN). This method does not rely on yield goals and instead is 
based upon N response trials from across the region determining the N rate of the most 
economic return. There is an online calculator that accounts for location, previous crop, 
soil type, and management factors that best describe the site (Sawyer et al., 2006). The 
strength of this method is that it is not reliant on yield goal estimations for improved 
NUE and economic return. In addition, the values used in the calculation are current with 
a frequently updated trial database (Morris et al., 2018). However, similar to yield goal 
estimation methods, this method does not account for spatial soil variability or account 






sidedress soil nitrate test (PPNT or PSNT) is another common method used to convert 
soil test values into N recommendations for each field (Sawyer and Mallarino, 2017). 
Accuracy of this recommendation is limited by the short timeframe the soil sample 
represents and the number of samples collected to characterize the site, but can inform or 
adjust other N recommendation methods (Morris et al., 2018).  Soil nitrate sampling-
based recommendations performed well across the Midwest for both economic and 
environmental metrics (Ransom et al., 2020). More dynamic tools for N estimation 
methods include Maize-N (NUtech Ventures, Lincoln, NE) and Adapt-N (Agronomic 
Technology Corp, Tampa, FL). These N models incorporate crop development process, 
field-specific soil information, and long-term climate data for an informed 
recommendation (Sela et al., 2016; Setiyono et al., 2011).  
Challenges exist with each of these methods to estimate the optimal N rate for a 
field. Some of these challenges include the amount of data required for an accurate 
recommendation, lack of temporal variability adjustments, averaging of spatial 
variability, or lack of accuracy for a range of environmental conditions. Across 31 
different corn N recommendation strategies in the Midwest, none of these tools were 
reliable across the entire region over many years (Ransom et al., 2020).  The strengths 
and limitations of each of these N recommendation methods is thoroughly documented 
(Morris et al., 2018; Ransom et al., 2020).   
Active Sensor-Based N Management Systems 
Using sensors to measure crop canopy reflectance for N recommendations is not a 
new concept, dating back to the use of hand-held SPAD meters in the 1990s (Blackmer 





active crop canopy sensors have been extensively researched and summarized in the 
literature review papers of Colaço and Bramley (2018), Samborski et al. (2009) and 
Hatfeld et al. (2008). The attraction of crop canopy sensor-based N management systems 
is the utilization of real-time data to account for site-specific environmental and seasonal 
variability. It is a simple solution that can be used on-the-go with minimal parameters 
established prior to the application. These papers recognize a gap in on-farm 
experimentation, especially in dryland cropping systems where rainfall is a yield limiting 
factor (Colaço and Bramley, 2018) and integrating timely soil and weather information 
with sensor reading for more accurate recommended N rates (Bean et al., 2018b).  
Crop canopy sensors have been primarily studied in small plots, often using hand-
held sensors, which fail to capture the spatial variability that the sensor-based systems 
aim to manage (Colaço and Bramley, 2018). Two commonly used active canopy sensors, 
GreenSeeker Green 506 and Crop Circle ACS-210, along with the SPAD meter, were 
compared on N rate trials to explore the difference in relative canopy index, relative 
green difference vegetation index, and other indices. The greatest variability between 
these indices was found when N was only slightly deficient in the plant, but this raises 
concerns since slight N deficiencies is when the sensor-based system is most 
recommended (Barker and Sawyer, 2010).  
One of the most used sensor-based models in Nebraska is based on Holland and 
Schepers (2010) describing a N fertilizer response function between the vegetation index 
recorded and N rate. The target plant(s) vegetation index is divided by a reference 
vegetation index where N was not limiting to crop growth, creating a value referred to as 





such as irrigation water nitrates, legume credits, previously applied N, and manure 
application. In addition, management zones can be integrated into this system using a 
scaler function and a cut-back/back-off function allows N rates to be reduced if the SI 
reads below 0.7, indicating potential yield loss has already occurred, as demonstrated in 
Figure 2 (Holland and Schepers 2010).  
 
Figure 2: The response of nitrogen rate from the sufficiency index using the Holland-
Schepers nitrogen model. This simulation used a Crop Circle 470 canopy sensor with a 
nitrogen optimum rate of 175 kg N ha-1 and preplant N of 56 kg N ha-1 (Holland and 
Schepers, 2010) 
 
Calibrating the canopy sensor for each specific field to create an accurate SI value 
is essential to reduce the influence of other factors besides N stress, such as hybrid or 
disease, on sensor performance. Traditionally, a high N strip or zero N strip is established 





2010; Raun et al., 2005). In some field experimentation, the N rate recommended by the 
proximal sensor was only close to the EONR when the reflectance differences (low SI) 
were extreme, suggesting the need for a calibration of the reference strip (Dellinger et al., 
2008; Barker and Sawyer, 2010).  Other concerns have emerged regarding the accuracy 
of a high-N reference and the potential environmental impacts of intentionally over-
applying N in a region of the field (Lawes and Bramley, 2012; Samborski et al., 2017). In 
response, another method to calibrate the sensors using the 95-percentile value from a 
vegetation-index histogram has been proposed, called a “virtual-reference” (Holland and 
Schepers 2013). 
The University of Missouri continued this research with a large field scale study 
where sensor-based N strategies were compared to growers’ current N strategies with the 
goal of improving efficiency and encourage adoption. This study with 55 on-farm 
research sites found an increase in partial profit of $42 ha-1 from both an increase in yield 
and decrease in N applied in comparison to the producer (Scharf et al., 2011). The 
producer rate in this research was applied at the same time and with the same product as 
the sensor treatment with the N rate being the only factor decided on by the producer. 
Although this reduces other variables in the study such as timing and application method 
that may influence yield and N losses, it does not accurately represent the results of a 
producer transitioning from their current N management system to a system that includes 
a sensor-based application.   A field study with 16 sites evaluated active crop canopy 
reflectance-based N application compared to growers’ current practices to evaluate 
profitability. The SI calculated from the sensor correlated to the EONR in only half of the 





depending on N fertilizer cost and corn price. The effects of soil type on profitability with 
sensors was also observed in Kitchen et al. (2010). 
Some of these algorithms are based on a “positive slope”, which is defined as 
philosophy of applying higher rates of N in areas of greater crop biomass in contrast to a 
negative slope methodology where higher rates of N are applied in areas of lower crop 
biomass. The positive slope method assumes yield potential is low and would not respond 
to additional N in the areas of lower biomass. The negative slope philosophy assumes the 
areas of higher biomass have sufficient N from soil N through mineralization and do not 
need additional N from fertilizer. The downfall of a negatively sloped model for the 
sensor recommendations is it assumes N is the most limiting factor and that by adding 
additional N to areas of low biomass, yields can be increased; however, in production 
fields, especially in rainfed systems, this is often not the case as other factors may be 
limiting biomass (Colaço and Bramley, 2018). A combination of these theories has been 
tested using electrical conductivity as a method to assess yield potential. This study using 
small plots with plant sensors, soil sensors, and topographic information suggested that N 
applications should be redistributed from areas of high and low plant sensor readings to 
areas of medium sensor readings for a theoretical increase in yield (Berntsen et al., 2006).  
This theory is also demonstrated by the negatively sloped model with a “back-off” ratio 
that decreases the N rate in areas of low plant sensor readings once they fall below a 
recoverable level (Holland and Schepers 2010). 
Each of these algorithms developed across the Midwest have limitations. Bean et 
al found in their 2018(a) study comparing four algorithms and variances of these 





within 34 kg N ha-1 of the end-of-season calculated EONR a majority of the time. 
However, this study also found algorithms in these systems performed better when 45 kg 
of N ha-1 was applied at planting compared to no N applied at planting (Bean et al 2018a). 
Integrating the sensors into a comprehensive N management system such as applying a 
portion of the N prior to planting (i.e., split application) can improve the overall 
performance.  
In addition to different algorithms used to translate crop canopy reflectance to N 
rate, different data can be incorporated to potentially improve the accuracy of the 
recommended rate. Since an accurate N model plays a critical role in the functionality of 
a sensor-based system, improvements need to be made to the model before a fully 
successful system can be completed. It also recognizes that each model is fitted for a 
small region and would need to be adjusted for wide-scale adoption (Bean et al 2018a). 
 Although the adoption of precision agriculture and digital technology is on the 
rise for producers (Miller et al., 2019; Schimmelpfennig, 2016), the adoption of crop 
canopy sensors for N management remains low (Bramley and Ouzman, 2019).  The 
improvements of NUE and reduction of environmental impacts of active crop canopy 
sensors has been well-documented; however, the economic returns to producer are less 
consistent (Colaço and Bramley, 2018). Producers are more likely to adopt technology 
that increases their yield ceiling than a technology that may lower their input costs, as 
most N technologies do (Zhang et al., 2015). 
Sensor-Based Nitrogen Management with Unmanned Aerial Vehicles  
Unmanned aerial vehicles (UAVs) and other remote sensing technologies are used 





management, water management, soil assessment, and nutrient management (Ferguson 
and Rundquist, 2018). Aerial imagery can be used specifically in N management through 
several methods. UAV imagery can be used for yield estimation with improved accuracy 
later in the season, which can be translated into N recommendations (Sibley et al., 2014; 
Bu et al., 2017). Vegetation indices can be utilized in the same way through UAVs as in 
active on-the-go sensors as documented to estimate current N uptake and demand (Scharf 
et al., 2002). Using chlorophyll index green (CIg) through weekly UAV imagery and 
satellite multi-spectral sensing, it is possible to detect N stress prior to tasseling and 
detect changes over time (Cai et al., 2019). This imagery was used as a monitoring 
system of the management practices and N rate; however, was not used to make 
management decisions from the results.  
Another way aerial imagery may be utilized for N recommendations is through 
the conversion of a vegetation indices such as normalized difference vegetative index 
(NDVI) or normalized difference red edge (NDRE) into a variable rate prescription N 
map.  There has been a fair amount of research on using aerial imagery to explain active 
sensing results or to post-calibrate N models; however, there is little research on using 
imagery to directly predict optimal N rate and create a variable rate prescription map. 
This lack of ex-ante evaluation for UAV sensor-based technology can lead to unexpected 
challenges and significantly different results (Colaço and Bramley, 2019). Thompson and 
Puntel (2020) have proposed a decision support system to incorporate field 
characteristics, imagery, and N credits into a spatially variable in-season N prescription. 





promising results of improved NUE by informing the application timing with aerial 
imagery.   
Aerial imagery can more accurately estimate EONR when no N is applied at 
planting (Scharf and Lory, 2002). Without a N base rate, there is a greater difference that 
can be detected between the high-N reference and the treatments receiving sidedress N. A 
potential solution has been proposed for this in aerial imagery using the virtual reference 
concept. In field-scale applications, the virtual reference method results in a lower 
sufficiency index, and therefore higher N rate than the high N reference method 
(Thompson and Puntel, 2020). In contrast, Bastos (2019) small plot research results 
showed that the UAV with a Pariot Sequoia camera’s simulated recommended N rate was 
greater than the N rate commended on the same sites with the active crop canopy sensors. 
Using early season aerial imagery has additional challenges as soil reflectance is 
captured along with the crop reflectance. This has been remediated through the use of 
other indices, such as the soil-adjusted vegetation index (SAVI) and green normalized 
difference vegetation index (GNDVI), or through imagery cleaning using masks to filter 
these pixels; however, the accuracy of these data is still limited (Shanahan et al., 2001; 
Scharf and Lory, 2002). Later in the season as the canopy closes, other challenges of 
capturing the imagery still exist in terms of intermittent cloud cover and high winds that 
prevent accurate flights (Shanahan et al., 2008). Another important challenge is that 
uniform crop canopies can cause inaccuracies with stitching the multiple images 
generated by a drone-based system into a composite image. 
Although generating a prescription map requires additional processing in the 





opportunity for the producer to adjust the recommendation based on other data or 
knowledge of the field (Thompson and Puntel, 2020). On-the-go sensing techniques can 
recommend rates significantly higher or lower than a grower’s expected estimated N rate 
based on their experience, so a verification process of a prescription by the producer or 
crop consultant can minimize that risk. 
Water Stress Impact on Sensor-Based Technology and Application Timing 
In on-farm experimentation, a wide range of N application timings based on corn 
growth stages have been recommended (Scharf et al., 2011; Kitchen et al., 2010; Solari et 
al., 2008).  Late-season sidedress N applications improve total N uptake and NUE, but 
often do not increase yield and can result in N stress severe enough such that yield is not 
recoverable (Baker and Sawyer, 2010; Mueller et al. 2017).   However, the optimal 
timing of N applications and the rate to apply at each of these applications for the best 
yield is dependent on the precipitation amount and rainfall pattern of that year (Abebe 
and Feyisa, 2017). Splitting the N fertilizer applications can improve N recovery 
compared to a single N application; however, in soils with silt content (>66–74%), or 
clay content (>24–37%), a single N application resulted in greater corn yields (Clark et 
al., 2020). In rainfed sites with fine-textured soils where there was limited precipitation 
following the V8 application, there was no improvement in grain yield or NUE relative to 
a single application (Spackman et al., 2019).  The challenge is the precipitation following 
a N application is unknown at the time of application. It has been found that high 
quantities and evenly distributed rain events prior to sidedressing can increase yield 
response to N whereas low precipitation and sporadic rainfall frequencies reduce the 





Since remote sensing techniques can be used to detect both water stress and N 
stress depending on the multispectral bands used in the vegetation indices, many have 
expressed concern that water stress will influence N stress readings (Barnes et al., 2000). 
In early growth stages of V8-V9, sites with N stress were correlated to many vegetation 
indices, but in water limited sites, there was little correlation to N stress. In crop growth 
stages R1-R2, NDVI is correlated to N stress in water-limited sites; however, NDVI is 
not an indicator of N stress due to index saturation (Clay et al., 2006). In another study, 
soil moisture was found to have a strong influence on yield potential and N response crop 
index calibrations (Colaço and Bramley, 2019). In a publication by Bean et al., weather 
and soil adjustments were added to the current University of Missouri algorithm creating 
some improvement to the accuracy of the applied rate when compared to the actual 
EONR (Bean et al 2018b). As a result, integrating soil moisture data from that year 
instead of using multi-year averaged field data helped improve remote sensing 
calibration. The interaction of water and N stress, and potential compounding effect of 
these stresses on remote sensing is still under-researched.   
Management Zone and Crop Canopy Sensing Integration for N Management 
Management zones are often defined as subfield areas of soil, landscape, or 
limiting factor uniformity (Schepers et al., 2004, Lark et al., 1998) or as areas that are 
quantitatively similar either by yield or economic return (Jaynes et al., 2003; McCann et 
al., 1996; Fidgen et al., 2004). Based on these similarities, these areas within a field can 
be treated or managed uniformly (Stafford et al., 1996).  Many sensor-based research 
publications have suggested the addition of spatial soil data has the potential to improve 





Bean et al., 2018b). Others have suggested multiple N-rich or zero N calibration strips be 
placed in each potential management zone to manage for the variability (Whelan et al., 
2012; Lawes and Bramley, 2012). Although many have theorized about this, few studies 
have tested this combination of soil data with crop indices in-field with success.  
There are many methodologies to delineate and identify management zones. One 
way is to first use a principal component analysis to determine the data layers that best 
represent the variability in the field and then using a clustering algorithm to divide the 
field based on those layers (C.W. Fraisse et al., 2001; Crowther et al., 2018).  After 
management zones are delineated, they are often defined by their yield productivity to be 
used in field applications (Hornung et al., 2006). The number of management zones and 
the boundaries of the zones may vary each year based on the weather and crop planted. In 
years of adequate water availability, the number of management zones required to 
adequately characterize a field decreases (C.W. Fraisse et al., 2001; Stevens, 2018). 
One of the first attempts to integrate management zones with canopy sensing was 
completed on irrigated fields in central Nebraska with the primary objective to find what 
characteristics are important to delineate management zones (Roberts et al. 2012). 
Economic benefits to this integration were found in highly sloping fields with eroded 
soils where soil variability and potential N loss is high. It was suggested to continue 
research to adjust the Holland Schepers N algorithm to better incorporate management 
zones (Roberts et al. 2012). The potential economic benefits to integrating management 






N management to improve NUE while maintaining or improving producer 
profitability has been extensively studied including large datasets with N rate studies and 
active crop canopy proximal sensors. In addition, field management zones, N models, and 
canopy sensors have each been thoroughly studied independently, and the integration of 
methods has been simulated; however, more in-field studies need to be completed to test 
the potential feasibility and benefit to integration. The return on investment and NUE 
needs to be improved before wide-spread adoption by corn producers will occur.  
 Previous research using active crop canopy sensors to vary the rate of N applied 
in the early stages of corn growth has led to promising, but inconsistent results. This 
research revolves around transitioning the same sensor-based N technology to non-
irrigated (rainfed) sites in Nebraska to evaluate how the profitability and NUE compares 
to growers’ current practices and to previous studies in irrigated fields. Since rainfed sites 
often have increased temporal and spatial variability, integrating soil-based management 
zones and sensor technology is being explored.  
Research Objectives 
• Evaluate the ability of active crop canopy sensors and imagery-based 
prescriptions in non-irrigated corn fields in eastern Nebraska to improve NUE and 
profitability compared to growers’ N management practices. 
• Quantify spatial variability within field sites to explain variation in sensor 
performance due to soil, topography, and nitrogen status differences.  
• Evaluate the impact of the base N rate, in-season application timing, and 





• Test a methodology for UAV imagery-based N recommendation based on the 
Holland-Schepers model and compare performance to an active crop canopy 
sensor-based application. 
• Examine strengths and limitations of a UAV imagery-based management strategy 
and evaluate the potential to improve the performance by incorporating soil and 




CHAPTER 2: ACTIVE CROP CANOPY SENSORS FOR 
NITROGEN MANAGEMENT OF CORN IN NON-
IRRIGATED SYSTEMS 
ABSTRACT 
 Active crop canopy sensor commercialization has provided a technology to 
producers that varies a nitrogen (N) rate in real-time based on crop reflectance 
measurements. Challenges with active crop canopy sensor technology adoption still exist 
due to inconsistent results, potential yield losses, and lack of information from field-scale 
trials under different management strategies. In this study, crop canopy sensors 
(OptRx™, Ag Leader, Ames, IA) were tested on field-length treatment strips on nine 
non-irrigated sites in eastern Nebraska where rainfall is often a yield limiting factor. The 
influence of various management strategies and environmental conditions were evaluated 
for their effects on sensor-based technology performance.  The active sensor N 
management treatment resulted in an average of 38.7 ± 20.8 kg N ha-1 less N applied 
when compared to each growers’ current N management strategy; however, the sensor 
management resulted in 0.49 ± 0.69 Mg grain ha-1 average yield loss. This improved 
partial factor productivity of N by 16.8 ± 8.4 kg grain kg N-1 relative to growers’ current 
management.  The base rate of N applied prior to the in-season, sensor-based application 
and the timing of this application also influenced the N use efficiency (NUE) of active 






Site-specific N management is the strategy to apply the economically optimal N 
rate (EONR) within a field, which can vary based upon soil type, water holding capacity, 
landscape position, and many other factors (Mamo et al., 2003; Malzer et al., 1996). 
Multi-year studies have demonstrated how the EONR can also be drastically different 
between years depending on the amount of precipitation and other weather patterns, 
which is described as temporal variability (Tremblay et al., 2012; Dhital and Raun, 2016; 
Clark et al., 2020). EONR is insightful to producers for maximizing profits instead of 
yield but is often also used as a tool to summarize the N rate at a site that optimized both 
NUE and profitability (Lory and Scharf, 2003; Sawyer and Mallarino, 2017).   
To account for the spatial variability within a site, active crop canopy sensors that 
adjust N rates according to changes in crop reflectance have been advanced for real-time 
N applications. Two commonly used active canopy sensors, GreenSeeker Green 506 and 
Crop Circle ACS-210, have been field tested and reviewed with promising results to 
improve NUE (Barker and Sawyer, 2010; Calaco and Bramley, 2018). In addition to the 
types of sensors, research has been done to improve sensor-based N recommendations by 
adjusting the estimated target N rate used to initiate the sensor system (Franzen et al., 
2016) and evaluate implementation strategies such as application timing (Samborski et 
al., 2009). The OptRx sensor system (Ag Leader Technology, Ames, IA) used in this 
study calculated recommended target rates of N from a vegetative index based on a 
modified Holland-Schepers model (Holland and Schepers, 2010).  
Yield predictions using crop canopy sensing techniques were moderately 




with the year-to-year variability of crop water stress (Sibley et al., 2014). This variation 
in yield potential of non-irrigated sites in a humid continental climate also greatly 
influences N demand. However, yield alone cannot predict the optimal N rate for a site; 
there is a dynamic soil and water interaction with N inputs and losses that also influence 
the soil N availability for crop uptake (Scharf et al., 2002). Many have stated the need for 
understanding of weather and soil information and a method to integrate this information 
with a sensor-based system for improved performance (Clark et al., 2020, Bean et al., 
2018b, Thompson et al., 2015) 
Reviews of the literature regarding active crop canopy sensors has identified gaps 
in research including separating water stress effects on non-irrigated sites, on-farm 
applied research instead of simulated results, and understanding spatial variability for 
evaluating results at a field-length level (Colaço and Bramley, 2018; Samborski et al., 
2009; Hatfeld et al., 2008). 
Research Objectives: 
1. Evaluate the ability of active crop canopy sensors to improve NUE and 
profitability compared to growers’ current N management practices in non-
irrigated corn fields in a humid continental climate. 
2. Examine the impact of in-season application timing, the N base rate, and the 
difference between the user estimated optimum N rate and the end of season 
measured EONR for their influence on NUE in an active sensor-based system pn 
non-irrigated sites. 
3. Quantify how soil spatial variability, sufficiency index, and rainfall influenced the 








MATERIALS AND METHODS 
Research Fields 
 All research sites were located on farmer fields in eastern Nebraska, USA on non-
irrigated corn fields in 2019 and 2020. The latitude and longitude of each site is included 
in a table in Appendix 2.3 and a map of the sites is in Appendix 2.1. Sensor-based N 
management was evaluated at five sites in 2019 (ARDC19, OLKA19, ANEL19, 
KNTH19, CRSH19), and at four sites in 2020 (ARDC20, OLKH20, OLKN20, CRSH20). 
Each site was predominately silt loam and silty clay loam soil types. All field 
management decisions were made by the field owners; the dates of field operations, 
products applied, and other management practices are included in Appendix 2.4 and 2.5.  
Experimental Design 
All research sites contained six replications except ARDC20, OLKN20, and 
ANEL19 which contained five replications of each treatment. The replications were 
arranged in a randomized complete block design. Additionally, site ARDC20 evaluated 
two sensor-based management strategies, each with five replications, and was analyzed 
as two different sites unless otherwise stated. 
To provide a control or check against the active sensor management treatment, 
each replication contained a treatment of the grower’s conventional N management 
including the rate, timing, placement, and source. This treatment, referred to as the 
‘grower’ treatment, was applied by the site’s collaborating producer, and their methods 
are recorded in Appendix 2.7.  All the sites, except KNTH19, CRSH19, and CRSH20, 
used anhydrous ammonia applied in the spring prior to planting for a majority of their N 




43 kg ha-1 N applied at planting and the remaining N was surface applied at V9 using 
urea-ammonium nitrate (UAN). At CRSH19, and CRSH20, the grower treatment 
consisted of 39 kg ha-1 N applied at planting and the remaining N applied with a V6 
sidedress application using UAN through a coulter.   
The ‘grower’ treatment was compared to the sensor-based N management 
treatment, referred to as the ‘active sensor’ treatment (Figure 3). The active sensor 
management strategy treatment consisting of split N applications, a specific application 
timing interval, and appropriate sensor system parameters.  
 
In the active sensor treatment, a base rate of N is recommended to be applied at 
least two weeks prior to the sensor-based N application. This base rate of N ranged 
between a recommended 39.2 kg N ha-1 to 84.0 kg N ha-1 depending on the grower’s N 
program. All of the sites used anhydrous ammonia prior to planting to apply the base rate 
of N except for KNTH19, CRSH19, and CRSH20 which used surface-applied UAN at-




planting. In these sites, the base rates ranged from 39.2 kg N ha-1 to 121 kg N ha-1and 
were all applied at least seven weeks prior to the in-season sensor-based N application.  
Each active sensor treatment N application occurred between the V8 and V12 
corn growth stage and was applied using a high-clearance N applicator (DTS-10, Hagie 
Manufacturing Company, Clarion, IA, US) with drop hoses. The rate controller consisted 
of a commercially available system (PinPoint, Capstan Ag, Topeka, KS), with pulse-
width modulation (PWM) nozzle solenoid valves to adjust to the changes in target N rate. 
In 2019, most of the applications occurred near the V12 growth stage and in 2020 most of 
the applications occurred near the V9 growth stage. The shift to apply earlier in 2020 was 
made to increase the probability of the site receiving rainfall to incorporate the N 
application; there is a greater frequency of precipitation in June which corresponds to the 
V9 growth stage (Shulski and Williams, 2020). To address how in-season N application 
timing could influence the results of the sensor-based N application ARDC20 evaluated 
two in-season application timings. Across all sites, liquid urea ammonium nitrate (UAN) 
was applied with the high-clearance N applicator for the sensor-based treatments. In 
2020, a N pronitridine stabilizer, (Nitrain Bullet™, Loveland Products, Inc., Loveland, 
CO), was incorporated into the UAN to reduce potential losses to N volatilization. 
In this study, active crop canopy sensors (OptRx®, AgLeader, Ames, IA) were 
used to collect the vegetative index, Normalized Difference Red Edge (NDRE), and to 
compute a recommended N rate (Eq. 2.1). The control monitor (Integra, AgLeader, 
Ames, IA) records the NDRE, target N rate, applied rate, and many other system data 
attributes which was downloaded to supply geospatial, as-applied data for analysis. The 




included corn growth stage, hybrid, estimated N optimum (Nopt), N previously applied, 
N credits, and the minimum and maximum allowable N rate (Eq. 2.2). The Nopt for each 
field was determined using a simplified University of Nebraska – Lincoln N algorithm 
for corn grain without accounting for soil nitrates as described in Eq. 2.3.  All other 
variables in this algorithm, including the adjustment for fertilizer and crop prices and 
application timing, were included in the calculation. Other Nopt estimation methods were 
considered and compared including Maize-N (Yang et al., 2017) and the original UNL N 
algorithm (Shapiro et al., 2019). The yield goal used in these Nopt estimation methods 
was provided by the producer or calculated from average historical yield data and 
multiplied by a factor of 1.05 (Dobermann and Shapiro, 2004). The N credits in the 
sensor system parameters should include any N expected to be applied following the 
sensor application; for all of these sites, that parameter was set at zero. The minimum N 
rate was set at 33.6 kg N ha-1 and the maximum N rate was set at 336 kg N ha-1. All other 
system parameters, such as rate increment and sampling frequency, were kept at the 
default values.   
𝑁𝐷𝑅𝐸 =
𝑁𝐼𝑅—  𝑅𝐸
𝑁𝐼𝑅 +  𝑅𝐸
  
where 
𝑁𝐷𝑅𝐸 = 𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑅𝑒𝑑 𝐸𝑑𝑔𝑒   
𝑁𝐼𝑅 = 𝑁𝑒𝑎𝑟 − 𝐼𝑛𝑓𝑟𝑎𝑟𝑒𝑑 (780 𝑛𝑚) 𝑤𝑎𝑣𝑒𝑙𝑒𝑛𝑔𝑡ℎ𝑠   
𝑅𝐸 = 𝑅𝑒𝑑 𝐸𝑑𝑔𝑒 (730 𝑛𝑚) 𝑤𝑎𝑣𝑒𝑙𝑒𝑛𝑔𝑡ℎ𝑠   










𝑁𝐴𝑃𝑃 = N application rate 
𝑁𝑂𝑃𝑇 = the EONR or the maximum N rate prescribed by producers 
𝑁𝑃𝑟𝑒𝐹𝑒𝑟𝑡 = the sum of fertilizer N applied before sensor-based N 
application 
𝑁𝐶𝑅𝐷 = N credit for previous crop, NO3- in irrigation water, manure 
application, etc. 
𝑆𝐼 = Sufficiency Index of target crop 
Δ𝑆𝐼 = 1 − 𝑆(0); the difference between 𝑆𝐼 = 1 and the y-intercept of the 
N response curve; set to default of 0.7 
 
𝑈𝑁𝐿 𝑁 𝑟𝑒𝑐𝑜𝑚𝑚𝑒𝑛𝑑𝑎𝑡𝑖𝑜𝑛 (𝑙𝑏𝑠/𝑎𝑐)  
=  [35 +  (1.2 ×  𝐸𝑌) – (8 ×  𝑁𝑂3
− 𝑁 𝑝𝑝𝑚) – (0.14 ×  𝐸𝑌 ×  𝑂𝑀)–  𝑜𝑡ℎ𝑒𝑟 𝑁 𝑐𝑟𝑒𝑑𝑖𝑡𝑠]  × 𝑃𝑟𝑖𝑐𝑒𝑎𝑑𝑗  




EY = expected yield (bu/ac) 
NO3-N ppm = average nitrate-N concentration in the root zone (2–4 
foot depth) in parts per million 
OM = percent soil organic matter (with a minimum of 0.5 and a 3 
percent maximum) 
Other N credits = include N from previous legume crop, manure and 
other organic material applied, and irrigation water N. 
Priceadj = adjustment factor for prices of corn and N 
Timingadj = adjustment factor for fall, spring, and split applications 
 
In order to calibrate the active sensors, an area of known N sufficiency is 
required. One or more treatment strips within each plot served as a high-N reference strip 
Eq. [2.2] 




for this calibration. The high-N reference was established at least two weeks prior to the 
active sensor treatment application to ensure incorporation and N sufficiency, and the 
NDRE of this area is referred to as the reference NDRE (refNDRE). This high-N 
reference is used to create a sufficiency index (SI) for the system’s algorithm by dividing 
the NDRE of the target crop where N will be applied by the refNDRE (Eq. 2.4). At one 
site, KNTH19, field conditions prevented establishment of a high-N reference strip. The 
rate and timing of high-N reference strip establishment and refNDRE at the time of in-
season application are included for each site in Appendix 2.6.   





0 ≤ 𝑆𝐼 ≤ 1 
NDRE = NDRE of target crop 
refNDRE = NDRE of high-N reference 
Field Data Collection 
Soil Data 
 Soil electrical conductivity data were collected for each site prior to planting 
using an electromagnetic sensor (DUALEM-21S, Milton, ON, Canada) at 1 m and 2 m 
depths.  Elevation data were collected from the United States Geographical Survey 
LIDAR dataset at a 1/3 arc-second digital elevation model (DEM) resolution. The slope 
of each field site’ treatment area was calculated from the DEM using the Slope toolbox in 
ArcGIS (ArcMap v10.6.1, ESRI, Redlands, CA, USA).  





 At ARDC19 and ARDC20, a permanent weather station located at the ARDC 
Farm Shop (41.176° N, 96.47° W) was within five miles of these two sites and used for 
data collection. All other sites had a weather station (iMetos 3.3, Pessl Instruments, Weiz, 
Austria) installed at the field edge. Each weather station collected hourly temperature, 
precipitation, wind speed, and relative humidity from May to October.  
Weather data were cross-referenced with High Plains Regional Climate Center 
data for nearby weather stations. Historical weather data for the 30-year normal was 
compiled using API client services such as Daymet, NASA-Power, and Climate Hazards 
Group InfraRed Precipitation with Station Data (CHIRPS) (Thornton et al.; Sparks, 2018; 
Funk et al.; Correndo et al., 2021).  
Crop Response Data 
In addition to the NDRE data collected from the active crop canopy sensors, aerial 
imagery was captured at four or five intervals in 2019 from June 26, 2019 to August 14, 
2019 and captured weekly in 2020 from June 11, 2020 to August 12, 2020. Imagery was 
captured with a multi-spectral camera with four separate bands of green (550 nm ± 40 
nm), red (660 nm ± 40 nm), red edge (735 nm ± 40 nm), near infrared (790 nm ± 40 nm) 
(Sequoia, Parrot, Paris, France). The camera was used in conjunction with a fixed-wing 
UAV (eBee, senseFly, Cheseaux-sur-Lausanne, Switzerland). The imagery was then 
processed using imagery stitching software (Pix4D S.A., Prilly, Switzerland) to stitch the 






Each field was harvested by the grower collaborator and data were collected from 
the yield monitor following the harvest operation. The raw data files were imported into 
farm management software (SMS Advanced v20.0 Ag Leader Technologies, Ames, IA) 
and were post-corrected for load weights if provided. The files were then exported into an 
AgLeader advanced format file type and imported into a yield post-processing software 
(Yield Editor v 2.0.7, USDA-ARS, Columbia, MO) tool. Five sites’, OLKA19, OLKN20, 
OLKH20, CRSH19, and CRSH20, yield data were collected with an updated Pro700 
monitor resulting in an irregular data output frequency. Yield data from these sites was 
converted to an AgLeader advanced format file type using R (R Core Team, 2020) before 
importing into Yield Editor.  
 Each yield file was post-processed using the Yield Editor software for flow 
delay, moisture delay, maximum and minimum flow velocity, minimum swath width, 
maximum and minimum yield, overlap at 50% at 0.3 meter cell size, and a standard 
deviation at three standard deviations and five header widths (Sudduth and Drummond, 
2007). The yield was adjusted for moisture greater than 15.5%, but not expanded for 
grain less than 15.5%.  
Analysis Methods 
Following data collection, N as-applied data and clean yield monitor data were 
spatially joined and averaged within treatment polygons labeled with replications using 
the Analysis toolbox in ArcMap software. For each polygon, the total N applied, average 
yield, average NUE, and average partial profit was calculated. NUE estimates were 




Eq. 2.6, (IPNI, 2014). NUE is also sometimes expressed as the inverse of PFP and 
labeled here as “NUE” (kg N kg grain-1), where a lower value means improved NUE.  
Partial profit consisted only of yield gain or loss at the price of corn minus the increase of 
decrease of N applied at the price of N for a particular site (Eq. 2.7). In 2020, the prices 
used were $0.138 U.S.$ kg corn-1, $0.904 U.S.$ kg UAN- N-1, and. $0.706 U.S.$ kg 
anhydrous ammonia- N-1. In 2019, the prices used in the EONR calculation were $0.151 
U.S.$ kg corn-1, $0.794 U.S.$ kg UAN- N-1, and. $0.706 U.S.$ kg anhydrous ammonia- 
N-1. 
 
𝑃𝑎𝑟𝑡𝑖𝑎𝑙 𝐹𝑎𝑐𝑡𝑜𝑟 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦 (𝑃𝐹𝑃) =
𝑘𝑔 𝑔𝑟𝑎𝑖𝑛
𝑘𝑔 𝑁 𝑓𝑒𝑟𝑡𝑖𝑙𝑖𝑧𝑒𝑟 𝑎𝑝𝑝𝑙𝑖𝑒𝑑
 
 
𝑃𝑎𝑟𝑡𝑖𝑎𝑙 𝑃𝑟𝑜𝑓𝑖𝑡 = [𝑌𝑖𝑒𝑙𝑑 (𝑘𝑔 𝑐𝑜𝑟𝑛) × 𝐶𝑜𝑟𝑛 𝑃𝑟𝑖𝑐𝑒 (U. S. $ kg corn−1)]
− [(𝑆𝑒𝑛𝑠𝑜𝑟 𝐵𝑎𝑠𝑒𝑑 𝑁 𝑅𝑎𝑡𝑒 (𝑘𝑔 ℎ𝑎−1)
× 𝐹𝑒𝑟𝑡𝑖𝑙𝑖𝑧𝑒𝑟 𝑃𝑟𝑖𝑐𝑒 (U. S. $ kg UAN −  N−1))
+ (𝐵𝑎𝑠𝑒 𝑁 𝑅𝑎𝑡𝑒 (𝑘𝑔 ℎ𝑎−1) × 𝐵𝑎𝑠𝑒 𝑁 𝐹𝑒𝑟𝑡𝑖𝑙𝑖𝑧𝑒𝑟 𝑃𝑟𝑖𝑐𝑒 (U. S. $ kg N−1)) 
 The EONR was estimated for each of the 2020 sites for both the grower 
management application timing and the active sensor application timing. The N 
application rates and the corresponding yields were collected from randomized and 
replicated rate blocks in variable increments ranging from the base rate of N applied by 
the grower to the high-N reference strip rate. Rate blocks were established at each site for 






influence the optimal N rate. Each block was at least 75 meters in length and the width of 
the harvest equipment. The rate blocks average N applied and average yield was plotted 
on a N response curve where the means of each N rate could be compared for statistical 
differences from additional N applied or differences between treatments. These rate 
blocks were also used to compare the differences between management practices such 
application timing and method by comparing the grower timing rate blocks and the 
sensor timing rate blocks.  
 To make comparison between the sites, the inherit yield differences between 
fields from other management practices or environmental factors were removed by 
comparing the differences between the growers’ treatment and the sensor-based 
treatment. All reported values for each metric evaluated are the active sensor values 
minus the growers’ values. Overall results comparing treatments and summarized by sites 
were analyzed using a linear mixed-effects model with a significance level designated at 
p=0.05 unless otherwise stated.  Statistics were computed using R (R Core Team, 2020) 
for running linear mixed-effects models (Bates et al., 2020; Kuznetsova et al., 2020; 
Length, 2021), plotting data (Kassambara, 2020; Wickham, 2016; Wickham et al., 2020; 
Hothorn et al., 2021), and processing imagery and spatial files (Bivand, 2020; Bivand et 
al., 2020; Hijmans, 2020; Pebesma, 2021).   
 Another component of the analysis was to evaluate the influence of soil spatial 
characteristics on the NUE and partial profit results. To better capture the spatial 
differences, each treatment strip was divided into smaller 30 m length strips and each 




slope, were summarized by the mean within each block. Linear regressions were ran to 






RESULTS AND DISCUSSION 
Active Crop Canopy Sensor Management Compared to Growers’ N Management  
Effect of Sensor-based Management on Rate of N Applied 
In all nine of the sites for 2019 and 2020, less N was applied on average with the 
active sensor treatment than the producer’s treatment (Figure 4); the average reduction in 
N application was 38.7 ± 20.8 kg N ha-1. This outcome of less N fertilizer with active 
sensors is consistent with the results found on other on-farm experiments relative to 
producer rates in corn production. Similar trials conducted on 58 irrigated sites in 
Nebraska resulted in 82.1% of sites with less N applied with active crop canopy sensors 
than the grower’s current management (Thompson et al., 2021), and research in Missouri 
using Crop Circle and Greenseeker found a majority of sites receive less N in the sensor 





Figure 4: The difference in N applied (active sensor treatment average N applied minus 
the grower treatment average N applied) displayed by site. Red bars represent standard 
error in the replications. Significance is represented by * below the bars where * = 
0.1,**= 0.05,and ***= 0.01. 
Treatment Effect on Yield and NUE 
In three of the nine sites, the average yield for the active crop canopy sensor 
management was greater than the grower’s average yield. In the remaining sites, the yield 
was lower in the active crop canopy management than the grower’s management and two 
of these were significant (alpha = 0.05) (Figure 5). Across all of the sites, the average 
difference between the active sensor management and the grower’s management was -
488 ± 689 kg ha-1 (-7.8 bu ac-1). In Scharf et al. (2011) and Raun et al. (2002), the sensor-
based treatment resulted in a greater yield than the growers’ treatment when the N rate of 




study had greater nitrogen rates with the sensor-based system than the grower, it is not 
surprising that yield was not significantly increased.  
 
Figure 5: The difference in yield (active sensor treatment average yield minus the grower 
treatment average yield) displayed by site. Red bars represent standard error in the 
replications. Significance is represented by * below the bars where * = 0.1,**= 0.05,and 
***= 0.01.  
The NUE was also evaluated using the partial factor productivity of the fertilizer 
applied as calculated in (Eq. 2.6). Despite the losses in yield, NUE was improved on 
eight of the nine sites with an overall average improvement of 16.8 ± 8.4 kg grain per kg 
N-1 and a maximum improvement of 30 kg grain per kg N-1 (Figure 6).  The outcome 
from the improved NUE, where N rates are at or below EONR, is a reduction in potential 





Figure 6: The difference in PFP (active sensor treatment average PFP minus the grower 
treatment average PFP) displayed by site. Red bars represent standard error in the 
replications. Significance is represented by * below the bars where * = 0.1,**= 0.05,and 
***= 0.01. 
Treatment Effect on Partial Profitability 
Partial profit was calculated within treatment blocks using average N rates applied 
at average N prices subtracted from average yield at commodity prices for that year 
(Eq.2.7).  The cost of adopting this technology, including the sensors and application 
equipment, was not included in this partial profit analysis. The average difference in 
profit across all of the sites between the active sensor and grower treatments was -$2.40 ± 




profit from the sensor-based management (alpha = 0.05) (Figure 7). 
 
Figure 7: The difference in partial profit (active sensor treatment average partial profit 
minus the grower treatment average partial profit) displayed by site. Red bars represent 
standard error in the replications. Significance is represented by * below the bars where 
* = 0.1,**= 0.05,and ***= 0.01. 
Figure 8 displays each site replication as the difference between the active sensor 
treatment and the grower treatment of partial profit and partial factor of productivity (kg-
grain kg-N-1). The replications, represented by circles, and the sites, summarized by 
squares, located in the top right quadrant are where the active sensor treatment resulted in 
a greater partial profit and greater NUE than the grower’s current management. One third 
of the sites were located in that quadrant. The other two thirds of the sites are located in 




partial profit compared to the grower’s method. Because the partial profit was determined 
by each years’ respective prices, the overall site results and the number of sites in each 
classification could shift annually based on the economic scenario. Some sites had a 
wider distribution in terms of NUE and partial profit among their field-length replications 
which could be attributed to site soil spatial variability or other factors limiting yield 
besides N, such as rainfall. The left two quandrants would display sites where the NUE is 
lower than the grower’s method, and although a few replications had this result, no sites 
resulted in an average loss in NUE. 
 
Figure 8: Site (squares) and replications (circles) for each site displaying the difference in 





Yield Response to Nitrogen  
The yield response to N applied was plotted for each site using the means of 
treatment blocks and randomized static rate blocks. See Appendix 2.2 for plot layout.  At 
each site, the average yield resulting from the average N rate applied by the active 
sensors was then compared to the yield resulting from the rate block of a higher N rate. 
For example, the mean N rate applied by active sensors at ARDC19 was 129 kg N ha-1 
and the yield from that average rate was compared to the average yield from the rate 
blocks of 162 kg N ha-1. These two N rates responses were then also compared for a 
statistical difference in profitability. If the greater amount of N applied resulted in an 
increase in profitability, the active sensor treatment did not apply enough N to reach the 
EONR. In seven of the nine sites, the active sensors average N rate resulted in the same 
(p=0.1) or greater profit than the profit derived from the next higher rate block. In the 
sites where the active sensor’s applied rate of N was less than the rate blocks but resulted 
in a greater yield than those same rate blocks, the difference can be attributed to the 
active sensors distributing the N rate based on N demand spatially. The proper 
distribution of N rates was able to increase yield without increasing the overall N applied.  
 In the other two sites, OLKH20 and OLKN20, additional N would have resulted 
in higher profitability based on the N response curves generated from the rate blocks 
(Figure 4 and Figure 6). At OLKH20, rainfall during the growing season was greater than 
the 30-year normal precipitation for that field (Table 1), and therefore yields were greater 
than average. Potential causes for the active sensor method average N rate to be lower 




prior to the application or the sufficiency index (SI) being too high at the time of the 
application. The average SI for both sites was 0.801 for OLKN20 and 0.825 for OLKH20 
which were within the other sites’ SIs as demonstrated in Table 4. Other potential sources 
of variation between the grower and sensor-based treatments are rainfall amount 
following the application (Table 2) or extreme differences between the yield goal used to 
determine the Nopt value and actual yields (Table 3).  
Table 1: Rainfall (mm) between field operations at each site compared to a 30-year 
normal for that site. 
Site Plant to App Normal 
App to 
Harvest Normal  
ANEL19 345.9 308.9 399.8 295.3 Legend 
ARDC19 323.1 271.3 392.0 308.8 +25 
CRSH19 215.0 204.0 349.1 300.7 +80 
KNTH19 321.2 247.4 390.9 314.8 -25 
OLKA19 275.5 212.7 425.9 342.7 -80 
ARDC20 96.3 209.4 187.2 340.4  
CRSH20 223.6 238.8 146.2 277.8  
OLKH20 225.7 239.3 496.3 402.2  
OLKN20 142.3 234.9 384.7 385.8  
 
Table 2: Rainfall (mm) during the one week time following the sensor-based N 
application and compared to the 30-year normal for that site. 
Site 
One Week after 
App Normal  
ANEL19 4.42 17.82355 Legend 
ARDC19 4.69 21.15032 +5 
CRSH19 10.32 21.55677 -5 
KNTH19 10.68 19.74774  
OLKA19 2.83 17.50516  
ARDC20 27.94 32.23161  
ARDC20_2 32.766 17.04484  
CRSH20 19.3802 20.50742  
OLKH20 96.1898 21.18194  






Table 3: A comparison of the growers' yield goal used in the user estimated optimal N 








ANEL19 13.18 14.53 -1.35 
ARDC19 11.30 12.11 -0.82 
CRSH19 13.18 16.41 -3.23 
KNTH19 13.18 13.00 0.18 
OLKA19 12.87 12.39 0.48 
ARDC20 13.18 13.80 -0.62 
CRSH20 13.18 11.10 2.09 
OLKH20 13.18 13.30 -0.12 
OLKN20 12.55 13.16 -0.60 
 
Table 4: Average Sufficiency Index values sorted by site 
Site AvgNDRE refNDRE AvgSI 
CRSH19 0.327 0.418 0.782 
KNTH19 0.327 0.413 0.792 
OLKN20 0.309 0.386 0.801 
CRSH20 0.333 0.413 0.806 
ARDC19 0.355 0.431 0.824 
OLKH20 0.311 0.377 0.825 
ARDC20 0.353 0.422 0.836 
OLKA19 0.361 0.431 0.838 
ANEL19 0.390 0.445 0.876 
 
The influence from differences in the timing, method, or source (i.e., products) of 
the application between the grower’s management and the active sensor treatment was 
also evident in Figures 9-11. Yield from the average grower treatment N rate was 
compared to the yield from the most similar sensor N rate block to evaluate these 
application variables. In three sites, ARDC19 (Figure 10), CRSH19, and OLKH20 




blocks established during the active sensor application of the same or greater N rate 
(Figures 9 and 10). From these results, it can be concluded that other factors, such as 
application timing, N source, application method, or differences in N losses, influenced 
the yield and partial profit in the treatment comparisons. This provides evidence for the 
importance of understanding the management system surrounding a sensor-based strategy 
in non-irrigated fields for this technology adoption.  In one site, OLKN20, both the 
grower treatment yield and the yield of the grower rate blocks resulted in a lower yield 
than sensor rate block of similar rates (Figure 11). At this site, the grower treatment 
evidently experienced more N losses from the pre-plant N application timing than the in-





Figure 9: (A) Yield response to nitrogen from OLKH20 site; (B) Comparison of means 
between active sensor and rate block of next highest increment; (C) Comparison of 





Figure 10: A) Yield response to nitrogen from ARDC19 site; (B) Comparison of means 
between active sensor and rate block of next highest increment; (C) Comparison of 







Management Effects on Active Sensor Performance 
Nopt Determination 
In this research, the Nopt value used in the active sensor system was determined 
using a simplified N algorithm (Eq. 2.3) (Shapiro et al, 2019) developed by the 
University of Nebraska-Lincoln. Other estimation methods were explored on the sites 
Figure 11: A) Yield response to nitrogen from OLKN20 site; (B) Comparison of means 
between active sensor and rate block of next highest increment; (C) Comparison of means 
between grower treatment and sensor rate block of the next highest increment; (D) 





from 2019 and the Nopt rate was also calculated using these methods. The methods 
compared included Maize-N (Setiyono et al., 2011), simplified UNL algorithm with 
grower yield goal, full UNL algorithm, and simplified UNL algorithm with Hybrid Maize 
(Yang et al., 2004) estimated yield goal (Table 5). The simplified UNL algorithm 
eliminated the soil nitrate credit estimation, allowing the active sensors to estimate the 
spatial variability in soil nitrate based on crop reflectance. When the original UNL 
algorithm was used, the Nopt value was 4 kg N ha-1 lower than the simplified method and 
less nitrogen would have been applied. The Maize-N model, which incorporated 
historical weather data, generated an Nopt value that was 32.6 kg N ha-1 less than the 
simplified UNL algorithm for one site and was 37.6 kg N ha-1 more on another site of the 
five sites simulated. The wide range of recommended Nopt values from Maize-N was due 
to the additional soil data and crop information included in the model compared to the 
UNL algorithm which was primarily yield goal based.  The Hybrid Maize model resulted 
in an average yield approximately 1.256 Mg grain ha-1 greater than the producers’ yield 
goals, and as a result, the Nopt was estimated 12.74 kg N ha-1 greater than the UNL 
algorithm simplified with the producers’ yield goals. 
It has been theorized that incorporating current rainfall and weather data can 
improve the accuracy of active crop canopy sensors for improved partial profit by 
accounting for temporal variability of the current season up to the date of the application 
(Thompson et al., 2015, Bean et al., 2018b; Calaco and Bramley, 2019). Real-time 
adjustments to the yield estimates included in Nopt to account for current season rainfall 
and soil moisture may improve the performance of sensor-based systems. This is 




dependent on rainfall. However, attainable yield for a field may vary greatly even after 
the target application growth stages (V8 to V12). To observe this effect, the Hybrid-
Maize model was used to estimate the yield for the site based on current season rainfall 
and then used this adjusted yield goal in the simplified UNL algorithm. Using the 
application dates for each site, the average yield estimated on the application date ranged 
12.78 Mg grain ha-1, from 4.26 Mg grain ha-1 to 17.4 Mg grain ha-1. If this application 
date was August 1st instead of around July 1st, the average yield estimations ranged 10.6 
Mg grain ha-1, from 7.46 Mg grain ha-1 to 18.1 Mg grain ha-1 instead (Table 6). This 
demonstrates the yield determining factors remaining in a season after the V12 growth 
stage and the challenges of managing for temporal variability in a rainfed system to 
determine Nopt. 























UNL-simplified ANEL19 13.18 3 0 50.4 0.95 1.05 171.8 85.13 
UNL-simplified ARDC19 11.30 3 0 50.4 0.95 1.05 145.7 51.58 
UNL-simplified CRSH19 13.18 3 0 50.4 0.95 1.05 171.8 112.98 
UNL-simplified KNTH19 13.18 3 0 50.4 0.95 1.05 171.8 107.69 
UNL-simplified OLKA19 12.87 3 0 50.4 0.95 1.05 167.5 34.22 
UNL ANEL19 13.18 3 3.6 50.4 0.95 1.05 167.8 82.55 
UNL ARDC19 11.30 3 3.6 50.4 0.95 1.05 141.7 48.50 
UNL CRSH19 13.18 3 3.6 50.4 0.95 1.05 167.8 109.55 
UNL KNTH19 13.18 3 3.6 50.4 0.95 1.05 167.8 104.34 
UNL OLKA19 12.87 3 3.6 50.4 0.95 1.05 163.4 31.26 
MN ANEL19 13.18           180.3 90.58 
MN ARDC19 11.30      113.1 26.62 
MN CRSH19 13.18      193.8 131.66 
MN KNTH19 13.18      209.4 139.03 




HM ANEL19 15.06 3 0 50.4 0.95 1.05 198.0 101.91 
HM ARDC19 14.00 3 0 50.4 0.95 1.05 183.2 80.31 
HM CRSH19 14.19 3 0 50.4 0.95 1.05 185.8 124.86 
HM KNTH19 12.62 3 0 50.4 0.95 1.05 164.0 101.16 
HM OLKA19 14.12 3 0 50.4 0.95 1.05 184.9 47.04 
 
Table 6: Yield estimations from Hybrid-Maize model at two different times in the season 
Real-Time Predictions of Yield (Mg ha-1) of the Current Season      
 ANEL19 ARDC19 CRSH19 KNTH19 OLKA19 
 July Aug. July Aug. July Aug. July Aug. July Aug. 
Best yield 18.2 19.1 18.2 18.5 17.6 17.8 16.1 16.3 16.9 18.8 
75% percentile 17.4 16.8 16.4 16.9 15.9 15.2 14.6 14.6 16.2 16.9 
Median yield 16.1 16.5 15.0 16.3 15.2 14.3 13.5 14.3 15.1 15.5 
25% percentile 14.3 13.6 13.9 13.2 11.4 13.7 12.2 11.2 14.1 13.8 
Worst yield 4.0 7.5 4.2 7.8 4.9 7.4 3.6 6.6 4.6 8.0 
           
Long-term 
median 16.7 15.8 15.6 14.2 15.4 
Actual Yield 15.6 13.0 17.6 13.9 13.3 
 
The active sensor system applied an average N rate lower than estimated optimal 
N rate for the OLKH20 and OLKN20 sites, which may have resulted from 
underestimated crop N demand (Nopt) at the time of application. Applying the optimal N 
rate across a field depends on more than an accurate estimate of Nopt; the SI values 
across the field also contribute to the resulting target N rate. Berntsen et al. (2006) and 
Colaço and Bramley (2018) described this concept of redistribution of N where the entire 
field will average the same amount of N as a uniform flat rate. However, areas of low or 
high biomass production, depending on the algorithm used, receive less N and the 
medium biomass production areas which receive more. To explore this redistribution of 




each site were compared to the Nopt parameter minus credits for each site (Figure 12). 
Across all of the sites, the average N rate applied was 22.67 kg N ha-1 less than the Nopt 
minus N credits, two values entered into the OptRx™ system. A majority of N rates 
within each site were also below this threshold suggesting that the Nopt and N credit 
variables used in these studies contributed to lower N rates overall. These results further 
support why the active sensor treatments consistently applied less N than the growers’ 





Figure 12: Distribution of N applied compared to Nopt (N rate applied minus Nopt 





 Base rates of each site were grouped into two categories of “Low” representing 
base rates between 39 kg ha-1 and 45 kg ha-1 and the “High” classification representing 
rates between 78 kg ha-1 and 121 kg ha-1. Since the distributions of NUE between these 
two groups was not normally distributed, an unpaired two-samples Wilcoxon test was 
used to assess significant differences. The sites with high base rates resulted in higher 
NUE kg fertilizer N per kg grain in comparison to the growers’ treatment more frequently 
than the sites with low base rates (Figure 13). Other variables were also evaluated for the 
impact of base rate on their results, including partial profitability, but differences were 
not significant.  
 
Figure 13: T-test of base N rates and the influence on NUE (active sensor NUE minus 




 The influence of base N rates on the performance of the active sensor system was 
further explored on the ARDC20 site, comparing two different base rates (39.2 kg ha-1 
versus 78.4 kg ha-1) and two different application timings (V8 growth stage versus V11 
growth stage). Figure 14 shows the influence on N applied under these four different 
management strategies for sensor-based systems. The results show an increased 
distribution of total N rates between the replications at the lower N base rates. This is 
because the sensor-based system has a greater Nopt-Npre value (i.e., a greater range of N 
for the algorithm to operate within) at a lower base rate than a higher base rate, and 
therefore, the SI has a greater influence on the total N applied. It was hypothesized the 
low base rate with the earlier application timing and the base rates at the later application 
timing would result in more N applied since the SIs in these conditions were expected to 
be lower. However, the results show the active sensor system was able to compensate for 
the difference in base N rates to apply nearly the same amount of total N within the same 
application timing. A similar result occurred in Thompson and Puntel (2020) where a 
UAV based N management had two treatments with the same total N applied following 
two differing base rates. The largest contributing factor in the ARDC20 results was the 
application timing.  
Application Timing and Rainfall on Non-Irrigated Sites 
 In-season N applications with sensor-based technology are recommended between 
the V8 and V14 crop growth stages as the crop begins its peak N uptake period 
(Abendroth et al., 2011).  Within this window of time, the SI can vary, which in turn 
influences the total N applied (Appendix 2.6.2). The influence of timing on the active 




and two application timings. The first application timing at crop growth stage V8, on 
June 17, 2020, applied significantly more N than the second application event at crop 
growth stage V11, on June 26, 2020 (Figure 14). This increased amount of N applied did 
not result in a statistically greater yield. (Figure 15).  
In addition to the SI influencing the total amount of N applied, the timing of the 
application, and the weather conditions surrounding the application, can influence the 
yield and partial profitability results (Clark et al., 2020; Spackman et al., 2019). This was 
further explored using all the sites by a linear regression analysis on the difference of 
NUE kg fertilizer N kg grain-1 (active sensor minus grower treatment) and the number of 
growing degree days between the time of application and a subsequent 254 mm 
(minimum) rainfall event (GDDS_in). Although this regression was not significant 
(Figure 16), further analysis may identify a threshold of time until a rainfall event for the 





Figure 14: ARDC20 site results comparing a low and high base rate under two 
application timings and the influence on total N applied (kg ha-1). (ns: p > 0.05, *: p <= 





Figure 15: ARDC20 site results comparing a low and high base rate under two 






Figure 16: Linear regression analysis on the difference of NUE kg fertilizer N kg grain-1 
(active sensor minus grower treatment) and the number of growing degree days between 
the time of application and time of 254 mm of rainfall (GDDS_in) 
 
Figure 17: Linear regression analysis on the difference of NUE kg fertilizer N kg grain-1 





A linear regression was also used to evaluate how the average SI (AvgSI) at the 
time of the application influenced the overall NUE (kg fertilizer N kg grain-1) of each 
site.  Although there was a wide range of average SI values across the sites, this was not a 
significant contribution to the difference in NUE among the treatments (Figure 17). The 
average SI, even as a significant contributor of the total N applied to the field, as 
demonstrated by ARDC20, was only a partial contributing factor to the overall 
performance on NUE and partial profitability on a sensor-based system.  
Spatial Variability Effects on Sensor Performance 
The EONR varies throughout a field from varied soil nitrate concentrations, soil 
characteristics, landscape position, soil-water interactions, and crop N demand (Blackmer 
and White, 1998; Malzer et al., 1996; Mamo et al., 2003). From this, fields of greater 
spatial variability would have greater variability in EONR values and would benefit from 
sensor-based variable rate technology. Site variability in soil electrical conductivity (EC) 
and elevation was characterized using coefficient of variance (CoV) (Eq. 2.5)   and 
compared to the CoV of response variables, such as N applied and NUE, to reduce the 
influence of data point quantity (Figure 18). Sites where the CoV of EC was greater, the 
CoV of N applied was also greater (R2 = 0.53; p=0.041). This demonstrates how the 
active crop canopy sensor was responding to underlying factors like soil variability and 
not simply crop biomass variability.  





𝜎 = 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 







Figure 18: Linear regression of coefficient of electrical conductivity and elevation by the 
coefficient of variation of N applied summarized by site. 
 This CoV in site characteristics may also influence the overall site performance 
comparing the active sensors to the growers’ current management (Figure 19). The sites 
with less variability in soil EC and elevation resulted in the greatest differences in N 
applied and NUE. These results do not support the hypothesis that sites with greater 
spatial variability would result in greater NUE. Further research is needed to explore this 





Figure 19: Linear regression of coefficient of electrical conductivity and elevation by the 
difference of N applied and NUE summarized by site. 
Active Crop Canopy Sensors Performance in Irrigated vs Non-Irrigated Sites 
The results of the active crop canopy sensors on non-irrigated sites were 
compared to the results of the active crop canopy sensors on irrigated sites. The data for 
the irrigated sites came from 2015-2020 Nebraska On-Farm Research results using the 
same equipment, canopy sensors, and treatment design as the non-irrigated sites 
(Thompson et al., 2021). Using the differences between active sensor and grower, the 




non-irrigated sites (Figure 20). The range between the 25th and 75th percentiles of these 
groups is greater in the irrigated sites which can be attributed to the greater number of 
sites in a greater range of environments and management practices. Despite this larger 
range, the non-irrigated sites, had a greater range between the 25th and 75th percentile 
when looking at yield and partial profitability.  The means of yield and partial 
profitability for the non-irrigated sites for was also slightly lower. On non-irrigated sites, 
more sites resulted in yield losses with the active sensors and losses to yield tended to be 
more significant. This wider range of results and reduced average yield and profitability 
demonstrates the challenges of rain-limited sites on active crop canopy results. Many 
sites had challenges of N incorporation without adequate rainfall that limited yield even 
with similar amounts of N applied. This potential risk of active crop canopy sensors (and 
in-season N applications in general) on non-irrigated sites should be noted and potentially 






Figure 20: Comparison of irrigated and non-irrigated sites in Nebraska for N rate, yield, 






Active crop canopy sensor management in non-irrigated sites of eastern Nebraska 
improved NUE and reduced N fertilizer inputs. All sites resulted in less N applied than 
the growers’ current management with an average reduction of 38.7 ± 20.8 kg N ha-1. 
Only two of the nine sites resulted in a statistically significant loss in yield from the 
sensor-based system with an average yield loss across sites of 0.49 ± 0.69 Mg grain ha-1.  
Using the rate blocks established on the same date and through the same method 
as the active sensor management, the effects of the active sensors could be analyzed 
without the influence of management differences other than rate. Comparing the sensor-
based management and a similar fixed N rate applied on the same date and through the 
same method, the sensor-based N management resulted in greater profitability in seven of 
the nine sites. This suggests the sensor-based approach was accounting for spatial 
variability in a way that can be profitable to producers. However, when comparing the 
active sensor treatment to the grower’s current management, most sites resulted in a loss 
of profitability. Three sites resulted in a significant loss in profitability and an average 
loss of $2.40 ± 15.48 U.S. $ ha-1. These results demonstrate the application timing, 
source, and method all greatly influence the N response, especially in non-irrigated, silt 
loam soils of eastern Nebraska.  
Based on the results from a site with two base N rates and two sensor application 
timings, the earlier N application resulted in more N applied on average and greater yield 
and profitability. From all of the sites, higher base N rates resulted in improved NUE 
from the growers’ current management. As site variability increased, as characterized by 




sensor-based system also increased. Other management strategies and site characteristics 
such as rainfall following application, average SI at the time of application, and soil 
variability did not have direct correlation to profitability of sensor-based technology. In 
comparison to previous irrigated sites results, the influence of application timing 
increases the risk of using sensor-based technology (and in-season N applications in 
general) on non-irrigated sites.   
Potential Future Work 
Further research should investigate the crop management practices surrounding 
active crop canopy sensors in rain-limiting environments such as an earlier application 
sensor-based timing to allow time for N incorporation in silt loam and silty clay loam 
soils and greater N base rates on non-irrigated sites. Earlier applications cause less 
informed sensor-based systems, so methodology that incorporate yield potential models 
with the sensors are needed. In addition, different N rate response to crop reflectance 
models should be explored as an alternative to the Holland-Schepers model which 
assumes N is the limiting factor. Model-based approaches are also necessary to estimate 
the Nopt that accounts for soil interactions and up-to-date weather. Although there is 
some preliminary research on influence of water stress on N stress detection through 
remote sensing (Clay et al., 2006), more work needs to explore this interaction and 
potential measures to overcome this challenge.  Finally, further analysis on the soil 
characteristics such as soil texture or site elevation and their influence on NUE and 
profitability using sensor-based management compared to growers’ management should 






CHAPTER 3: PASSIVE CROP CANOPY SENSORS FOR N 
MANAGEMENT IN NON-IRRIGATED CORN BASED 
SYSTEMS 
ABSTRACT 
 Applying the economically optimal N rate (EONR) within a field is a complex 
challenge that requires accounting for spatial and temporal variability of a site. Using 
unmanned aerial vehicles (UAV) to incorporate crop canopy reflectance with soil and 
weather data has the potential to improve recommendations as part of an integrated N 
management plan. In this study, eight non-irrigated sites in eastern Nebraska were used to 
evaluate the performance of variable rate N prescription maps generated using aerial 
imagery with the Holland-Schepers model. The prescription was further modified by 
using a simplified virtual reference to determine the sufficiency index (SI) and spatially 
varying the estimated optimum N rate (Nopt) used in the algorithm based on management 
zones (MZ). The results found the UAV imagery treatment performed similarly to the 
active crop canopy sensor management in each site. Compared to the growers’ current 
management, the UAV imagery treatment reduced N application by 40.4 kg N ha-1, 
improved NUE by 23.6 kg grain kg N-1, and did not significantly impact partial profit. 
The integration of MZs influenced the total N applied and demonstrated a potential 
method to inform the prescription with soil electrical conductivity and elevation data. 
Further research should explore methods to better include current growing season 





According to Thompson et al. (2019), twenty-five percent of producers in the U.S. 
use UAVs in their operation, a number that is expected to increase in coming years 
(Skevas et al., 2020). Availability of UAVs and other remote sensing platforms (e.g., 
satellites) have increased for a wide range of uses including crop scouting, disease and 
insect management, weed management, water management, soil assessment, and nutrient 
management (Ferguson and Rundquist, 2018). The use of aerial imagery with multi-
spectral bands for nutrient management, specifically N management, has been primarily 
focused on monitoring N stress or evaluation of differing management practices or N 
rate. Using remote sensing techniques can determine corn N status using various 
vegetation indices (VIs) (Scharf et al., 2002; dos Santos et al., 2020). For instance, the 
chlorophyll index green (CIg) VI has shown success in quantifying N uptake and 
detecting N stress prior to tasseling (Cai et al., 2019).  
Similarly to active crop canopy proximal sensors, aerial imagery can be used to 
generate a N recommendation using VIs such as NDVI or NDRE. Comparisons to active 
crop canopy sensor data and UAV imagery using the same multi-spectral bands and VIs 
found both methods can potentially be used in N management decision-making (Bastos 
and Ferguson, 2016; Bu et al., 2017). Most research evaluating aerial imagery for N 
management have post-calibrated N models or ex-post analysis; however, there is little 
research on using imagery to directly predict optimal N rate (Colaço and Bramley, 2019). 
One of the first N recommendations generated from a decision support tool informed 




support tool initially tested on three sites in Nebraska with promising results of improved 
NUE by informing the application timing with aerial imagery.   
Challenges with using UAVs as remote sensing platforms for N recommendations 
include intermittent cloud cover or high winds that prevent capturing high-quality 
imagery (Shanahan et al., 2008). Another challenge includes the interference of soil 
reflectance on the VI, but this can be mitigated using a soil adjusted VI (SAVI) or 
filtering pixels that contain exposed soil areas (Shanahan et al., 2001; Scharf and Lory, 
2002). Despite the additional time required to generate imagery-based prescriptions, in 
comparison to on-the-go active sensor-based systems, the former prescription 
development method may reduce producer risk. With an image-based prescription, the 
full range of field application rates to be applied in-season are known in advance of the 
application and can be adjusted based on MZs or a producer’s field experience 
(Thompson and Puntel, 2020).  
Many sensor-based research studies have suggested the addition of spatial soil 
data has the potential to improve the NUE and profitability of these systems (Schepers et 
al., 2004; Shanahan et al., 2008; Tremblay et al., 2012; Bean et al., 2018). One way to 
implement this method is to delineate MZs from spatial soil data and use those MZs to 
adjust the N rate. This theory was first tested on irrigated fields in Nebraska; results 
indicated that highly sloping fields with erosion potential had the greatest economic 
benefit from this adjustment (Roberts et al., 2012). It was further explored by Crowther 
(2018) by first selecting the soil layers that most influenced NDRE and yield and then 
using these layers to analyze potential outcomes of adjusting for these data layers.  A 




based upon weather conditions and precipitation (C.W. Fraisse et al., 2001; Stevens, 
2018). 
Applying the optimal amount of N both spatially from soil and water interactions 
and temporally from variations in weather is a challenging management decision (Mamo 
et al., 2003; Scharf et al., 2005; Shanahan et al., 2008).  However, a decision support tool 
that assimilates sensing technologies, weather data, and soil characteristics can create a 
better-informed recommendation (Colaço and Bramley, 2018; Thompson and Puntel, 
2020).  
Research Objectives 
• Develop a methodology for a UAV imagery-based N application based on the 
Holland-Schepers model and compare performance to growers’ current 
management practices. 
• Evaluate the performance of passive remote sensing management in comparison 
to current active crop canopy sensor management in improving NUE and 
profitability.  
• Examine strengths and weaknesses of a UAV sensor-based management strategy 







MATERIALS AND METHODS 
Research Fields 
This study took place on eight field sites located in Eastern, Nebraska, USA 
during the 2019 and 2020 growing seasons. The latitude, longitude, county, and field 
characteristics of each site can be found in table in Appendix 3.3 and a map of the sites is 
in Appendix 3.1. In 2019, four sites were managed for a remote sensing-based 
prescription N application (ARDC19, OLKA19, KNTH19, CRSH19), and in 2020, four 
site locations were included in the study (ARDC20, OLKH20, OLKN20, CRSH20). All 
field management decisions, apart from N management, were made by the field owners. 
The dates of field operations, products applied, and other management practices are 
included in Appendix 3.4 and 3.5.   
Experimental Treatments 
All research sites contained six replications except ARDC20 and OLKN20 which 
contained five replications of each treatment. The replications were arranged in a 
randomized complete block design. For each site, the grower’s current N management 
practices, including the rate, timing, placement, and source, provided a check against the 
sensor-based management treatment. This treatment, referred to as the ‘grower’ 
treatment, was applied by the site’s collaborating producer and their methods are 
recorded in Appendix 3.5. All sites, except KNTH19, CRSH19, and CRSH20, used 
anhydrous ammonia applied in the spring prior to planting for a majority of their N 
management program.  
The ‘grower’ treatment was compared to the sensor-based N management 




prescription treatment, multispectral imagery was collected within two days prior to the 
N application. The imagery was collected using a fixed-wing UAV (eBee, senseFly, 
Cheseaux-sur-Lausanne, Switzerland) with a multi-spectral camera (Sequoia, Parrot, 
Paris, France) with four separate bands of green (550 nm ± 40 nm), red (660 nm ± 40 
nm), red edge (735 nm ± 40 nm), near infrared (790 nm ± 40 nm). The imagery was then 
processed using imagery stitching software (Pix4D S.A., Prilly, Switzerland) to stitch the 
collected images and using the multispectral bands to calculate the Normalized 
Difference Red Edge (NDRE) vegetative index (Eq. 3.1). This raster file was then 
imported into ArcMap GIS software (Esri, Redlands, CA, USA) to inform the N 
prescription. The NDRE values were used in the Holland-Schepers model (Eq. 3.3) to 
calculate a target N rate. The UAV prescription N rates were calculated for field sub-plot 
areas with dimensions of the grower’s harvester width by 30.5 meters in length using the 
average NDRE value of that sub-plot area. The NDRE value for each sub-plot was then 
divided by the reference NDRE (refNDRE) for the field site. The refNDRE value was 
calculated using a simplified virtual reference method as described by Thompson and 
Puntel (2020). This method selects the NDRE value at the 95th percentile point on the 
NDRE histogram. By dividing the NDRE of a plot area by refNDRE, the sufficiency 
index (SI) was created for that block (Eq. 3.2). The SI is what changes in this otherwise 
static equation to vary the N rate. The Nopt was calculated using a simplified version of 
the University of Nebraska’s N algorithm (Eq. 3.4) (Shapiro et al., 2019) that does not 
account for a N credit from soil nitrate (NO3--N). Since soil nitrate is spatially variable 
within a field, this variability is managed through the NDRE vegetative index, subsequent 




and 336.0 kg N ha-1 respectively, to minimize the risk of acute cases of over or under 
applications of N fertilizer.  
𝑁𝐷𝑅𝐸 =
𝑁𝐼𝑅—  𝑅𝐸
𝑁𝐼𝑅 +  𝑅𝐸
  
where 
𝑁𝐷𝑅𝐸 = 𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑅𝑒𝑑 𝐸𝑑𝑔𝑒   
𝑁𝐼𝑅 = 𝑁𝑒𝑎𝑟 − 𝐼𝑛𝑓𝑟𝑎𝑟𝑒𝑑 (780 𝑛𝑚) 𝑤𝑎𝑣𝑒𝑙𝑒𝑛𝑔𝑡ℎ𝑠   
𝑅𝐸 = 𝑅𝑒𝑑 𝐸𝑑𝑔𝑒 (730 𝑛𝑚) 𝑤𝑎𝑣𝑒𝑙𝑒𝑛𝑔𝑡ℎ𝑠   
 





0 ≤ 𝑆𝐼 ≤ 1 
NDRE = NDRE of target crop 
refNDRE = NDRE of 95th percentile point on the NDRE histogram 
 
   





𝑁𝐴𝑃𝑃 = N application rate 
𝑁𝑂𝑃𝑇 = the EONR or the maximum N rate prescribed by producers 
𝑁𝑃𝑟𝑒𝐹𝑒𝑟𝑡 = the sum of fertilizer N applied before sensor-based N 
application 
Eq. [3.1] 





𝑁𝐶𝑅𝐷 = N credit for previous crop, NO3- in irrigation water, manure 
application, etc. 
𝑆𝐼 = Sufficiency Index of target crop 
Δ𝑆𝐼 = 1 − 𝑆(0); the difference between 𝑆𝐼 = 1 and the y-intercept of the 
N response curve; set to default of 0.7 
 
𝑁 𝑟𝑒𝑐𝑜𝑚𝑚𝑒𝑛𝑑𝑎𝑡𝑖𝑜𝑛 (𝑙𝑏𝑠/𝑎𝑐)  
=  [35 +  (1.2 ×  𝐸𝑌) – (8 ×  𝑁𝑂3
− 𝑁 𝑝𝑝𝑚) – (0.14 ×  𝐸𝑌 ×  𝑂𝑀)–  𝑜𝑡ℎ𝑒𝑟 𝑁 𝑐𝑟𝑒𝑑𝑖𝑡𝑠]  × 𝑃𝑟𝑖𝑐𝑒𝑎𝑑𝑗  




EY = expected yield (bu/ac) 
NO3-N ppm = average nitrate-N concentration in the root zone (2–4 
foot depth) in parts per million 
OM = percent soil organic matter (with a minimum of 0.5 and a 3 
percent maximum) 
Other N credits = include N from previous legume crop, manure and 
other organic material applied, and irrigation water N. 
Priceadj = adjustment factor for prices of corn and N 






The final component of the UAV prescription treatment was the integration of soil 
data summarized by MZs to better inform the N recommendation (Figure 21). The MZs 
used in this prescription were based on soil deep electrical conductivity (EC), field 
elevation, field slope, and at least three years of normalized historical yield data if 
available. Each of these layers were then normalized prior to running the clustering 
algorithm. The zones were then generated using a k-means unsupervised clustering 
algorithm and optimized with Calinksi Harabasz criterion using MatLab software (The 
MathWorks, Inc., Natick, MA). Based on the yield goal and soil characteristics of each 
MZ, a Nopt value specific to each zone was calculated and used in the prescription 
generation. To summarize, the UAV prescription was comprised of blocks of varying 
target N rates based on the Nopt value and average NDRE specific for that field area 
(Figure 21).  
Nopt values vary 
based on MZs  
NDRE values from 
UAV imagery 
N prescription 
using HS algorithm 
within each block 




In the passive sensor treatment, a base rate of N was applied at least two weeks 
prior to the sensor-based N application. This base rate of N ranged between a 
recommended 39.2 kg N ha-1to 84.0 kg N ha-1 depending on the grower’s N program. All 
of the sites used anhydrous ammonia prior to planting to apply the base rate of N except 
for KNTH19, CRSH19, and CRSH20 which used surface-applied urea-ammonium nitrate 
(UAN) at-planting.  
Each passive sensor treatment N application occurred between the V8 and V12 
corn growth stage and was applied using a high-clearance N applicator (DTS-10, Hagie 
Manufacturing Company, Clarion, IA, US) with drop hoses. The rate controller consisted 
of a commercially available system (PinPoint, Capstan Ag, Topeka, KS), with pulse-
width modulation (PWM) nozzle solenoid valves to adjust to the changes in target N rate. 
The control monitor (Integra, AgLeader, Ames, IA) records the NDRE, target N rate, 
applied rate, and many other system data attributes which was downloaded to supply as-
applied data for analysis. It should be noted that in 2019, most of the applications 
occurred near the V12 growth stage and in 2020 most of the applications occurred near 
the V9 growth stage. This change, while within the protocol, was slightly adapted to 
increase the probability of the site receiving a N-incorporating rainfall following the 
application as greater precipitation was anticipated in June (Shulski and Williams, 2020). 
Across all sites, liquid urea ammonium nitrate (UAN) was applied with the N applicator 




Loveland Products, Inc., Loveland, CO), was incorporated into the UAN to reduce 
potential losses to N volatilization.  
 
Field Data Collection 
Crop Response Data 
 In 2019, UAV imagery was captured five times for each site throughout the 
season, targeted at bi-weekly increments. In 2020, imagery was collected weekly from 
crop growth stages V6 to R3. Imagery was collected using the fixed-wing UAV 
(SenseFly, eBee, Cheseaux-sur-Lausanne, Switzerland) with a multi-spectral camera 
(Sequoia, Parrot, Paris, France) collecting red, green, red-edge, and near-infrared bands. 
These bands were used to calculate the NDRE VI which was then used to calculate the SI 
for the Holland-Schepers model parameter inputs. Imagery was captured from June 26, 
2019 to August 14, 2019 and from June 11, 2020 to August 12, 2020.  
Soil Data 




 Soil electrical conductivity data were collected for each site prior to planting 
using an electromagnetic sensor (DUALEM-21S, Milton, ON, Canada) at 1 m and 2 m 
depths.  Elevation data were collected from the United States Geographical Survey 
LIDAR dataset at a 1/3 arc-second digital elevation model (DEM) resolution. The slope 
of each field site’s treatment area was calculated from the DEM using the Slope toolbox 
in ArcGIS (ArcMap v10.6.1, ESRI, Redlands, CA, USA).  
Weather Data 
 At ARDC19 and ARDC20, a permanent weather station located at the ARDC 
Farm Shop (41.176° N, 96.47° W) was within five miles of these two sites and used for 
data collection. All other sites had a dedicated weather station (iMetos 3.3, Pessl 
Instruments, Weiz, Austria) installed at the field boundary. Each weather station collected 
hourly temperature, precipitation, wind speed, and relative humidity from May to 
October.  
Weather data were cross-referenced with High Plains Regional Climate Center 
data for nearby weather stations. Historical weather data for the 30-year normal was 
compiled using API client services such as Daymet, NASA-Power, and CHIRPS 
(Correndo et al., 2021).  
Yield Data 
 Yield data were collected from each site by the cooperating producers using their 
respective harvester equipped with yield monitor systems. Cooperators were asked to 
perform a multi-point calibration procedure prior to harvesting the field study areas to 




(SMS Advanced v20.0 Ag Leader Technologies, Ames, IA) and were post-corrected for 
load weights if provided. The files were then exported into an AgLeader advanced format 
file type and imported into a yield post-processing software (Yield Editor v 2.0.7, USDA-
ARS, Columbia, MO). The software was used to identify and remove erroneous points 
from extreme changes is speed, lack of full swath width, and flow delay (Sudduth and 
Drummond, 2006).  Five sites’, OLKA19, OLKN20, OLKH20, CRSH19, and CRSH20, 
yield data were collected with an updated Case IH AFS Pro700 monitor resulting in an 
irregular data output frequency. Yield data from these sites were converted to an 
AgLeader advanced format file type using R (R Core Team, 2020) before importing into 
Yield Editor.  
 Each yield file was post-processed using the Yield Editor software for flow 
delay, moisture delay, maximum and minimum flow velocity, minimum swath width, 
maximum and minimum yield, overlap at 50% at 0.3 meter cell size, and a standard 
deviation at three standard deviations and five header widths (Sudduth and Drummond, 
2007). The yield was adjusted for moisture greater than 15.5%, but not expanded for 
grain less than 15.5%.  
Analysis Methods 
Following data collection, N as-applied data and clean yield monitor data were 
spatially joined to treatment polygons labeled with replications and summarized as the 
mean within the replication using the Analysis toolbox in ArcMap software. For each 
polygon, using the summarized collected data, the total N applied, yield, NUE, and 
partial profit was calculated. NUE estimates were measured using the performance 




also sometimes expressed as the inverse of PFP and labeled as “NUE” (kg N kg grain-1), 
where a lower value means improved NUE.  Partial profit, sometimes also referred to as 
partial profit, consisted only of yield gain or loss at the price of corn minus the increase 
or decrease of N applied at the price of N for a particular site (Eq. 2.7). In 2020, the 
prices used were $0.138 U.S.$ kg corn-1, $0.904 U.S.$ kg UAN- N-1, and. $0.706 U.S.$ 
kg anhydrous ammonia- N-1. In 2019, the prices used in the EONR calculation were 
$0.151 U.S.$ kg corn-1, $0.794 U.S.$ kg UAN- N-1, and. $0.706 U.S.$ kg anhydrous 
ammonia- N-1. 
𝑃𝑎𝑟𝑡𝑖𝑎𝑙 𝐹𝑎𝑐𝑡𝑜𝑟 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦 (𝑃𝐹𝑃) =
𝑘𝑔 𝑔𝑟𝑎𝑖𝑛
𝑘𝑔 𝑁 𝑓𝑒𝑟𝑡𝑖𝑙𝑖𝑧𝑒𝑟 𝑎𝑝𝑝𝑙𝑖𝑒𝑑
 
 
𝑃𝑎𝑟𝑡𝑖𝑎𝑙 𝑃𝑟𝑜𝑓𝑖𝑡 = [𝑌𝑖𝑒𝑙𝑑 (𝑘𝑔 𝑐𝑜𝑟𝑛) × 𝐶𝑜𝑟𝑛 𝑃𝑟𝑖𝑐𝑒 (U. S. $ kg corn−1)]
− [(𝑆𝑒𝑛𝑠𝑜𝑟 𝐵𝑎𝑠𝑒𝑑 𝑁 𝑅𝑎𝑡𝑒 (𝑘𝑔 ℎ𝑎−1)
× 𝐹𝑒𝑟𝑡𝑖𝑙𝑖𝑧𝑒𝑟 𝑃𝑟𝑖𝑐𝑒 (U. S. $ kg UAN −  N−1))
+ (𝐵𝑎𝑠𝑒 𝑁 𝑅𝑎𝑡𝑒 (𝑘𝑔 ℎ𝑎−1) × 𝐵𝑎𝑠𝑒 𝑁 𝐹𝑒𝑟𝑡𝑖𝑙𝑖𝑧𝑒𝑟 𝑃𝑟𝑖𝑐𝑒 (U. S. $ kg N−1)) 
 To make comparison between the sites, the inherit yield differences between 
fields from other management practices or environmental factors were removed by 
comparing the differences between the growers’ treatment and the sensor-based 
treatment. All reported values for each characteristic are the active sensor values minus 
the growers’ values. Overall results comparing treatments and summarized by sites was 
analyzed using a linear mixed-effects model with a significance level designated at 
p=0.05 unless otherwise stated.  Statistics were computed using R (R Core Team, 2020) 






Length, 2021), plotting data (Kassambara, 2020; Wickham, 2016; Wickham et al., 2020; 
Hothorn et al., 2021), and processing imagery and spatial files (Bivand, 2020; Bivand et 
al., 2020; Hijmans, 2020; Pebesma, 2021).   
 Another component of the analysis was to verify the accuracy of the MZs created 
prior to the growing season. Each treatment strip was divided into smaller 30 m length 
strips and each data layer, including the as-applied N data, the yield, and MZ designation 
was summarized within each small block by the mean using a spatial join. A t-test was 
run on the means on the yield among the MZ groups. If the resulting p-value were<=0.5, 
the MZs were considered accurate for the season and additional comparisons were made 




RESULTS AND DISCUSSION 
Comparison of UAV Imagery System to Growers’ Current Management 
Treatment Effect on N Applied 
 At each site over the two years, less N was applied with the passive sensor-based 
management system than the growers’ current management. The differences between 
these two treatments, organized by site, is shown in Figure 23. The average difference in 
N applied with the passive sensor system was 40.4 kg N ha-1 (36.1 lbs N ac-1) less with 
the sensor-based management. 
 
Figure 23: The difference in N applied (passive sensor treatment average N applied 




standard error in the replications. Significance is represented by * below the bars where 
* = 0.1,**= 0.05,and ***= 0.01. 
Treatment Effect on Yield and NUE 
 Although the differences of N rate applied may be attributed to the spatial 
variability of the site, it may also be from most N rates falling below the optimal 
threshold on a N response curve. As shown in Figure 24, two sites had statistically lower 
yields as a result of the passive sensor management. The average loss in yield across the 
sites was 379.6 kg grain ha-1 (6.05 bu grain ac-1).   
 
Figure 24: The difference in yield (passive sensor treatment average yield minus the 
grower treatment average yield) displayed by site. Red bars represent standard error in 
the replications. Significance is represented by * below the bars where * = 0. 1,**= 




 Based on the average N applied and the average yield for each site, the partial 
factor productivity (PFP) was calculated. The differences between the grower and UAV 
prescription management for each site is shown in Figure 25. Seven of the eight sites had 
a significant increase in PFP with the sensor-based treatment with an average increase of 




Figure 25: The difference in PFP (passive sensor treatment average PFP minus the 
grower treatment average PFP) displayed by site. Red bars represent standard error in 
the replications. Significance is represented by * below the bars where * = 0. 1,**= 




Treatment Effect on Partial Profitability 
 Across all of the sites, partial profit was not significantly affected by the UAV 
based N management compared to the growers’ current management as shown in Figure 
26.  
 
Figure 26: The difference in partial profit (passive sensor treatment average partial 
profit minus the grower treatment average partial profit) displayed by site. Red bars 
represent standard error in the replications. Significance is represented by * below the 







Comparison of UAV Imagery System to Active Crop Canopy Sensor System 
 At each of these sites, the active crop canopy sensor (OptRx sensor, Ag Leader 
Technology, Ames, IA) was also included as a treatment within each replication. It 
should be noted that besides the difference in imagery source, there were other 
management differences between this method and the UAV prescription treatments. The 
active sensor management used a high-N reference instead of a simplified virtual 
reference and the passive sensor management accounted for soil characteristics by using 
multiple Nopt values in the N recommendation model. Nevertheless, the passive and 
active sensor management strategies resulted in the same N rate applied and the same 
PFP while the growers’ management differed in these metrics (Figure 27). In terms of 
yield and partial profit, all three treatments were not statistically different.  Bastos (2019) 
showed through simulations that recommended N rates using a passive sensor approach 
(UAV w/ Sequoia multi-spectral camera) was greater than the N rate recommended on 
the same sites with active crop canopy sensors. Although that was the case in some of the 






Figure 27: Comparison of grower, passive sensor, and active sensor treatments on N 
rate, yield, PFP, and partial profit metrics. 
 
Evaluation of Management Zones on Nitrogen Recommendation 
 Six of the nine sites were defined with MZs based on the sites’ slope, elevation, 
electrical conductivity, and historical yield. Of these six sites, only three passed 
validation testing on those MZs using the Wilcoxon unpaired t-test or Kruskal-Wallis test 
to compare the yield between the zones: ARDC19, KNTH19, and CRSH20. The sites that 




conditions for that year or the data used did not allow for correct zone delineation. The 
zones were numbered based on their relative yield with “1” as the highest productivity 
zone. As demonstrated in Figures 28, 29, and 30, the N rate applied in the higher 
productivity zones is less using traditional active crop canopy sensors. As the crop was 
perceived to have greater biomass and N sufficiency with higher NDRE values, less N 
was applied, typical outcomes from the Holland-Schepers model (embedded within the 
commercially available active sensor system used). However, crop VIs can only account 
for current crop status and do not account for the future N required during the remainder 
of the growing season. This N demand can vary based upon yield and these MZs account 
for the difference in yield potential by increasing the Nopt value in the Holland Schepers 
model for areas of higher productivity. In ARDC19 (Figure 28) and KNTH19 (Figure 
29), the distribution of applied N in the higher productivity zone was increased with the 
incorporation of MZs. While the active sensors applied less in the higher producing zone, 
the UAV prescription method applied the same or more than the lower producing zone. 
However in CRSH19 (Figure 30), this is not the case. The UAV prescription treatment 
recommended significantly less N in Zone 1 which resulted in yield loss and lower partial 
profit in what was the most productive zone in 2020. It should be noted that the MZs may 
not have performed as expected (based on historical yield data) due to the low 







Site 1: ARDC19 
 
 
Figure 28: Comparison of MZ performance metrics of yield, total N applied, NUE, and 







Site 2: KNTH19 
 
 
Figure 29: Comparison of MZ performance metrics of yield, total N applied, NUE, and 









Site 3: CRSH20 
 
 
Figure 30: Comparison of MZ performance metrics of yield, total N applied, NUE, and 
partial profit with CRSH20 for each treatment. 
 
N Recommendation Algorithm Adjustments 
 Adjustments or local calibrations have been suggested for the conversion of SI to 
a N rate to best fit a producer’s preferences or site conditions, and the use of imagery and 
a prescription make this possible. One of these proposed adjustments is implementing the 




commercially available in active crop canopy sensors for on-the-go applications. The 
implications of the back-off ratio were explored through both on-farm experimentation 
with a limited number of replications and through post analysis on the NDRE data 
collected. The back-off ratio begins to reduce the N rate at a SI of 0.7. Across of the sites, 
only 2.34% of points were below the 0.7 SI threshold (Figure 31). Some of these would 
be managed by the maximum N rate threshold. These points are rare and random 
occurrences that do not greatly influence the total N or the profitability of each site. 
Application timing or extreme N stress may influence the value of this change to the N 
algorithm.  
 
Figure 31: The distribution of SI for each site. The black dotted line shows the 0.7 SI 







The methodology described in this study proposes one potential way to integrate 
soil data-driven MZ with aerial imagery to create a variable-rate N recommendation. The 
results of this study, along with others referenced, demonstrate that multi-spectral 
imagery collected from UAVs used with a sensor-based N model can be used to make 
variable rate N recommendations. The results found the UAV imagery treatment 
performed similarly to the active crop canopy sensor management in each site. Using the 
Holland-Schepers model with NDRE data, these non-irrigated sites in eastern Nebraska 
benefited from an average improved PFP of 23.6 ± 15.3 kg grain kg N-1 and no 
significant losses in partial profit when comparing to growers’ current management. The 
integration of MZs influenced the total N applied and demonstrated a potential method to 
inform the prescription with soil electrical conductivity and elevation data. 
The strengths of an aerial imagery-based N recommendation are the ability to 
integrate other site information such as water-stress patterns and soil characteristics such 
as texture or organic matter for a more informed N recommendation. In addition, the 
aerial imagery can help inform whether a N application is necessary based on N stress or 
if the application can be delayed until the crop is ready to utilize it. The ability to view 
the N prescription map prior to the application also allows a producer to make adjustment 
based on their field knowledge and reduces extreme over- or under-applications that can 
occur in an on-the-go sensor-based management scenario. A few limitations of aerial 
imagery-based recommendation include imagery collection and quality from 
environmental factors, such as wind and clouds, and the time and expense to collect the 




also poses a challenge in the time required to make the prescription, especially for many 
fields in a farming operation. However, with further research using aerial imagery and the 
development of an automated decision support tool, these challenges can be overcome for 
improved N management in non-irrigated sites. 
 
Potential Future Work 
Bridging UAV imagery to N rate prescriptions with on-farm, scalable research 
trials is still a new realm of research. This application has been alluded to many times in 
the future work of other publications (Scharf et al., 2002; Bastos and Ferguson, 2016; Cai 
et al., 2019; dos Santos et al., 2020); however, the actual process and application results 
versus simulated results needed further exploration. Specifically, testing reference value 
generation methods, exploration on UAV-specific crop index to N rate models, and 
management systems such as Nopt determination and application timing all need more 
on-farm research testing. In addition, more investigation into MZ delineation and the 
integration of these MZs into sensor-based systems is another step in this process.  In 
non-irrigated systems of Nebraska where rainfall can be a significant yield limiting 
factor, a positive sloping SI to N rate model should be explored (Colaço and Bramley, 
2018). It is recommended based on this the results from this study to compare other N 
sensor-based models with the UAV methodology outlined here.  
Capturing UAV imagery on multiple sites in a timely manner can be a major 
limitation of the proceeding protocol. Alternative sources of passive imagery such as 
flight services or satellite imagery should be explored as a foundation for the prescription 




would need to be considered or tested prior to wide adoption. With an imagery provider, 
the prescription generation process could potentially be automated with allowance of 
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5.1. Study locations 
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30 years 
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5.3. Site Location and Soil Summary Table 
Year Site County Coordinates Soil Type 
2019 ANEL19 Saunders 41.2624, -96.4799 
Yutan, eroded-Judson complex; Yutan, eroded-
Aksarben silty clay loam; Nodaway silt loam; 
Judson silt loam 
2019 ARDC19 Saunders 41.1327, -96.4521 Tomek silt loam; Yutan silty clay loam, eroded 
2019 CRSH19 Dodge 41.7228, -96.7712 
Moody silty clay loam; Moody silty clay loam, 
eroded 
2019 KNTH19 Saunders 41.2984, -96.6580 
Nodaway silt loam; Tomek silt loam; Yutan, 
eroded, Aksarben silty clay loam 
2019 OLKA19 Cass 40.8529,-96.3965 
Wymore silty clay loam; Wymore silty clay loam, 
eroded 
2020 ARDC20 Saunders 41.1787, -96.4952 
Yutan silty clay loam; Tomek silt loam; Filbert silt 
loam 
2020 CRSH20 Dodge  41.7352, -96.7881 
Moody silty clay loam; Alcester silty clay loam; 
Coleridge silty clay loam 
30-year precipitation normal 
2019 precipitation for site 












2020 OLKH20 Cass 40.8304, -96.3687 
Wymore silty clay loam; Judson silt loam; Yutan 
silty clay loam 




































































































































































































































































































































































































































































































































































































































































































































































































ANEL19 Grower 15.6 16.7 134.4 0.0 134.4 108.0 0.52 343.2 
ANEL19 Active Sensor 15.1 16.9 39.2 85.5 124.7 113.2 0.50 333.1 
ARDC19 Grower 13.0 14.8 156.8 0.0 156.8 77.2 0.73 281.0 
ARDC19 Active Sensor 12.7 14.7 78.4 50.7 129.1 92.3 0.61 278.1 
CRSH19 Grower 17.6 14.6 39.6 0.0 145.6 112.9 0.50 387.3 
CRSH19 Active Sensor 16.7 14.6 39.6 74.0 113.7 136.9 0.41 369.3 
CRSH20 Grower 11.9 14.0 39.6 0.0 138.8 79.9 0.70 230.6 
CRSH20 Active Sensor 11.9 14.0 39.6 98.6 138.2 80.4 0.70 230.7 
ARDC20 Grower 14.8 13.6 154.3 0.0 154.3 89.4 0.63 294.5 
ARDC20 Active Sensor 14.6 13.4 77.5 57.1 134.7 101.0 0.56 290.5 
KNTH19 Grower 13.9 17.7 42.6 0.0 179.2 72.5 0.77 297.7 
KNTH19 Active Sensor 13.6 17.7 42.6 98.6 141.2 90.2 0.62 295.5 
OLKA19 Grower 13.3 15.6 234.1 0.0 234.1 53.0 1.06 279.3 
OLKA19 Active Sensor 13.4 15.6 121.0 61.2 182.2 68.8 0.81 287.6 
OLKH20 Grower 14.3 14.4 213.6 0.0 213.6 62.2 0.90 270.5 
OLKH20 Active Sensor 12.9 14.1 78.7 61.2 139.9 86.0 0.65 254.7 
OLKN20 Grower 14.2 15.8 196.0 0.0 196.0 67.8 0.83 278.1 




5.7. Yield Response to Nitrogen to Compare Treatment Differences   



























































































5.9. Average Yield By Site and Treatment  
 
 









  Grower   
Total N Rate (kg-N ha-1) 134.2 B 167.8 A 
Yield (Mg ha-1) 14.0 B 14.4 A 
Partial Factor Productivity of N 
(kg grain/kg -N fertilizer) 
99.0 A 82.6 B 
Nitrogen Use Efficiency (lb-N/bu 
grain) 
0.58 B 0.71 A 
Partial Profitability ($ ha-1) 
[@$3.65/bu and $0.65/lb-N] 
$275.19  B $276.68  A 
Partial Profitability ($ ha-1) 
[@$3.15/bu and $0.41/lb-N] 
$244.81  B $247.93  A 










  Grower   
Total N Rate (kg-N ha-1) 178.4 B 213.7 A 
Yield (Mg ha-1) 14.6 B 14.7 A 
Partial Factor Productivity of N 
(kg grain/kg -N fertilizer) 
81.4 A 65.9 B 
Nitrogen Use Efficiency (lb-N/bu 
grain) 
0.75 B 0.92 A 
Partial Profitability ($ ha-1) 
[@$3.65/bu and $0.65/lb-N] 
$280.52  A $273.75  B 
Partial Profitability ($ ha-1) 
[@$3.15/bu and $0.41/lb-N] 






6. Chapter 3 

























6.2. Normalized Difference Red Edge Data for Each Site from Imagery Collected  
6.2.1. NDRE Data for ANEL19 
 





6.2.3. NDRE Data for CRSH19 
 






6.2.5. NDRE Data for OLKA19 
 







6.2.7. NDRE Data for CRSH20 
 






6.2.9. NDRE Data for OLKH20 
 
6.3.  Site Location and Soil Summary Table 
Year Site County Coordinates Soil Type 
2019 ARDC19 Saunders 41.1327, -96.4521 Tomek silt loam; Yutan silty clay loam, eroded 
2019 CRSH19 Dodge 41.7228, -96.7712 
Moody silty clay loam; Moody silty clay loam, 
eroded 
2019 KNTH19 Saunders 41.2984, -96.6580 
Nodaway silt loam; Tomek silt loam; Yutan, 
eroded, Aksarben silty clay loam 
2019 OLKA19 Cass 40.8529, -96.3965 
Wymore silty clay loam; Wymore silty clay loam, 
eroded 
2020 ARDC20 Saunders 41.1787, -96.4952 
Yutan silty clay loam; Tomek silt loam; Filbert silt 
loam 
2020 CRSH20 Dodge  41.7352, -96.7881 
Moody silty clay loam; Alcester silty clay loam; 
Coleridge silty clay loam 
2020 OLKH20 Cass 40.8304, -96.3687 
Wymore silty clay loam; Judson silt loam; Yutan 





































































































































































































































































































































































































































































































































































































































































































































































ARDC19 Grower 12.8 14.8 156.8 0.0 156.8 75.9 0.74 276.1 
ARDC19 Passive 
Sensor 
12.7 14.7 78.4 49.5 127.9 92.9 0.60 277.4 
CRSH19 Grower 17.6 14.6 39.6 0.0 145.6 112.9 0.50 387.3 
CRSH19 Passive 
Sensor 
16.5 14.6 39.6 90.7 130.3 118.1 0.48 363.3 
CRSH20 Grower 11.9 14.0 39.6 0.0 138.8 79.9 0.70 230.6 
CRSH20 Passive 
Sensor 
11.4 14.1 39.6 78.4 118.1 90.7 0.62 223.7 
ARDC20 Grower 14.8 13.6 154.3 0.0 154.3 89.4 0.63 294.5 
ARDC20 Passive 
Sensor 
14.3 13.3 77.8 32.8 110.7 121.0 0.46 289.1 
KNTH19 Grower 13.9 17.7 42.6 0.0 179.2 72.5 0.77 297.7 
KNTH19 Passive 
Sensor 
13.6 17.7 42.6 117.3 159.9 79.5 0.71 292.8 
OLKA19 Grower 13.3 15.6 234.1 0.0 234.1 53.0 1.06 279.3 
OLKA19 Passive 
Sensor 
13.6 15.7 121.0 64.9 185.8 68.1 0.82 290.4 
OLKH20 Grower 14.3 14.4 213.6 0.0 213.6 62.2 0.90 270.5 
OLKH20 Passive 
Sensor 
13.2 14.0 78.7 61.0 139.6 88.1 0.64 260.4 
OLKN20 Grower 14.2 15.8 196.0 0.0 196.0 67.8 0.83 278.1 
OLKN20 Passive 
Sensor 







































P-values of t-tests between treatments for each site are designated below each 
site name. 
